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Speech Summarization: An Approach through Word
Extraction and a Method for Evaluation®

Chiori HORI', Member and Sadaoki FURUT!, Fellow

SUMMARY In this papcr, we propose a new method of au-
tomatic specch summarization for each utterance, where a set of
words that maximizes a summarization score is extracted from
automatic speech transcriptions. The summarization score in-
dicates the appropriateness of summarized sentences. This ¢x-
traction is achicved by using a dynamic programming technique
according to a target surnmarization ratio. This ratio is the num-
ber of characters/words in the summarized sentence divided by
the number of characters/words in the original sentence. The ex-
tracted set of words is then connected to build a summarized sen-
tence. The summarization score consists of a word significance
measure, linguistic likclihood, and a confidence mcasure. This
paper also proposes a new method of measuring summarization
accuracy based on a word network expressing manual summa-
rization results. The summarization accuracy of each automatic
snmmarization is calculated by comparing it with the most simi-
lar word string in the nctwork. Japanese broadcast-news speech,
transcribed using a large-vocabulary continuous-speech recogni-
tion (LVCSR) system, is summarized and evaluated using our
proposed method with 20, 40, 60, 70 and 80% summarization ra-
tios. Experimental results reveal that thc proposed method can
effectively extract relatively important information by removing
redundant or irrelevant. information.

key words: speech summerization, sentence compaction, sum-
marization score, dynamic programming, word network of man-
ual summarization result, summarization accuracy

1. Introduction

Significant progress has been made with state-of-the-
art technology for large-vocabulary continuous-speech
recognition (LVCSR). Currently, various applications
of LVCSR systems, such as automatic closed caption-
ing 1], meeting/conference summarization [2], and in-
dexing for information retrieval [3], are actively being
investigated. However, transcribed specch, which usu-
ally includes redundant information, cannot be directly
used for captions, indexes and suminarization. Practi-
cal applications using LVCSR systemns require a process
of speech summarization, which removes redundant and
irrelevant information and extracts relatively important
information according to users’ requirements, especially
for spoutaneous speech.

In the closed captioning of broadcast news, the
number of words spoken by professional announcers
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sometimes excceds the number of words that people
can read and understand if they are presented on a TV
screen. Meeting/conference sumnmarization would be
useful if it could extract relatively important informa-
tion scattered within the original speech. These goals
can be accomplished by reducing the number of words
in speech transcriptions according to the target sum-
marization ratio.

Techniques for automatically summarizing written
text have been actively pursued throughout the field of
natural language processing [4]. One of the main tech-
niques of summarizing written text is the process of
extracting important sentences from a document based
on keywords or cue phrases. One major difference be-
tween text summarization and speech summarization is
the fact that transcribed speech is sometimes linguisti-
cally incorrect. Transcribed speech usually includes not
only redundant information, such as disfluencies, filled
pauses, repetitions, repairs, and word fragments, but
also irrelevant information caused by recognition errors.
Removing such redundant and irrelevant information
from automatic speech transcriptions is indispensable
in the preparation of closed captions, lecture/meeting
summaries, and indexes. These problems can be solved
by summarizing speech according to the summarization
ratio that is required by users. A speech summariza-
tion technique that includes both information extrac-
tion and skimming technology is required to construct
a system that allows archived multimedia to be freely
accessed by using large-vocabulary continuous-speech
recognition (LVCSR) systems.

In this paper, we propose a new approach to au-
tomalically summarizing speech by extracting a set of
words from the automatic transcription of each utter-
ance. This extraction is performed according to a target
summarization ratio, which is the number of charac-
ters/words in the summarized sentence divided by the
number of characters/words in the original sentence.
The extracted set of words is then concatenated to build
a summarized sentence. An utterance is defined as con-
tinuous speech containing a meaningful word set. In
this paper, each sentence read aloud by anchorpersons
in a news broadcast is defined as an utterance.

Automatic summarization should retain the im-
portant information that was included in the original
utterance under a restricted summarization ratio. In
addition. it should not ouly exclude recogunition cr-
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rors by the ASR system but also produce understand-
able sentences. To generate such summarized utter-
ances. our summarization approach focuses on extract-
ing topic words, weighting correct-word concatenations
linguistically, and extracting reliable components of
speech recoguition acoustically as well as linguistically.
All possible combinations of words in the original utter-
ance at the target summarization ratio are hypotheses
of a summarized utterance. A set of words maximizing
a summarization score, indicating the appropriateness
of a summarized sentence, is selected from those using
a dynamic programming (DP) technique.

The summarization score consists of a word sig-
nificance measure, a confidence measure, and the lin-
guistic likelihood of summarized sentences. The confi-
dence score indicates the reliability of recognition. The
summarization process ol extracting a set of words to
maximize the summarization score can preserve rela-
tively important words and exclude recognition errors.
Simultaneously, words other than the extracted impor-
tant words, are extracted as linguistically correct. This
summarization approach is not simple “keyword extrac-
tion”, but “sentence gencration including keywords™,
generated by extracting words in the original utterance
and concatenating them. In this approach, the sum-
marization ratio can be altered depending on summa-
rization targets, such as providing closed-captioning for
multimedia data including speech, preparing minutes of
meetings or synopses of speeches, and indexing speech
data or multimedia data including speech. In addition,
the speech summarization technique enables us to eas-
ily find important components of specch data.

In this paper, we also propose a mumnerical method
of evalnating automatic sumarizations. These re-
sults are compared with manual summarizations gener-
ated by humans. The manual sumnmarizations are then
merged into a word network, which approximately ex-
presses all the possible correct summarizalions, includ-
ing subjective variations. The word string that is the
most similar to the automatic summarization extracted
from the word network is considered to be the correct
target for automatic summarization. The word aceu-
racy of comparing the summarized sentence with the
target word string is delined as summarization cccu-
racy, which is a measure of linguistic correctness and re-
tention of the original meanings of the utterance. This
mcthod of evaluation takes the subjective variations in
manual summarization into consideration.

In this paper, we report an automatic speech sum-
marization generated from automalic transcriptions of
spoken Japanese news data, broadcast on TV at sum-
marization ratios of 20%, 40%, 60%, 70% and 80%.
We also report on the results of evalnating automatic
speech summarizations using summarization accurocy.
Our experiments indicated that the proposed method
can effectively extract relatively important information,
and remove redundant and irrelevant information from
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Japanese news broadcasts at all of the summarization
ratios we tested.

2. Speech Summarization Approach through
Word Extraction

Our method ol summarizing each utterance is to extract
a sct of words representing the core information in the
original speech from an automatically transcribed sen-
tence according to a summarization ratio, and then to
concatenate these Lo construct a swunmary. Morphemes
are defined as words in this paper.

The summarization score in our approach is de-
fined as a measure indicating the appropriateness of a
summarized sentence. A set of words maximizing the
summarization score is extracted from the original ut-
terance using a dynamic programming (DP) technique
based on a target compression ratio. The summariza-
tion score is defined as the sum of word significance
score I, Lhe confidence score C' of each word in the
original sentence, and the linguistic score L of the word
string in the summarized sentence.

The summarization score of a set of M words is
given by

AM

S(V) = Z {I(T"m) + )\LL(Um) -+ /\(‘C(lm)} :

i (1)

where Ay, and Mg are the weighting factors to balance
the dynamic ranges of L, I and C.

Given a set of M words, V = vy, vo, ..., up. ex-
tracted from a transcription consisting of N (M < N)
words, W = wq,ws, ..., wx, the summarization pro-
cess determines a sel of words, V', that maximizes the
summarization score given by Eq.(1). This problem
can be solved using the DP technique.

2.1 Word Significance Score

The word significance score {(v,,) indicates the relative
significance of each word in the original sentence. The
amount of information based on the frequency of each
word, given by Eq. (2), is used as the word significance
score for topic words.
I(w) = filog 22 )
F;
where
w; @ atopic word in the transcribed speech,
i+ the number of occurrences of w;
in the transcription,
£y the number of ocenrrences of s,
in all the training documents, and
£4 : the summation of all F,
in all the training documents (= > Fi).
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The large corpus in the saine domain of the target
speech to be summarized is used as training data. Our
preliminary experiments revealed that test subjects se-
lected mostly nouns as the important words in sen-
tences [5]. The nouns include those acting as part of
a verb phrase. Suppose “#£%9 %", which means “pro-
pose” in English, is split info a noun for movement and
a verb as follows:

44 5 /propose —
J2% /proposal + T 5 /make

Therefore, the significance score given by Eq. (2) was
only assigned to nouns, and a flat score I ... was as-
signed to words other than nouns. To reduce the repe-
tition of words in the summarized sentence, a flat score
of l.onst Was assigned to each reappearing noun.

2.2 Linguistic Score

Linguistic score L(v,,) indicates the appropriateness
of word strings in a summarized sentence and was
measured by the logarithmic value of n-gram proba-
bility P(vsn] Ym—n+1---Um—1). Trigram probability.
Plepltm—atm=1), was applied to the linguistic score
in this study.

L(vp) = log P(tm|vm-20m-1) (3)
To gencrate “a sentence including topic words”, the
significance score extracts topic words and the linguistic
score extracts words that were given a flat significance
score.

2.3 Confidence Score

We incorporated the confidence score C(vy,) to weight
reliable hypotheses acoustically as well as linguisti-
cally. Specifically, the posterior probability of each
transcribed word, that is, the ratio of word hiypothesis
probability to that of all other hypotheses, was calcu-
lated using a word graph obtained through a decoder
and used as a measure of confidence [6]. [7].

There is a word graph consisting of nodes and links
from beginning node S to end node T in Fig. 1. Nodes
represent time boundaries between possible word hy-
potheses, and the links connecting these nodes repre-
sent word hypotheses. Each link is given an acoustic
log likelihood and the linguistic log likelihood of a word
hypothesis.

Given a word hypothesis wy ; in the word graph,
the confidence score, C{wy, 1), 1s defined as the posterior
probability of w;.; given by

g Poc(win.1) Prg (Wi 1) 80
g

C'(_’wk_l) = log (4)
where
k.1 : node identifiers in a word graph (k < 1),
Wi : the word hypothesis occurring

between node & and node {,
C(wy. ) : the log of posterior probability of wy ;.
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W 8 /

4 M‘A,IO 10

Time
Fig.1 Example of word graph.
[a7% : the forward probability from the beginuing node S
to node k,

5] . the backward probability from node ¢ to end node T,

Py (wg ) : the acoustic likelihood of wy .

Pig(wy,1) : the linguistic likelihood of wy, ¢, and

g . the forward probability from beginning node
S to end node I’ (= ar).

A word’s confidence score indicates the log of the like-
lihood ratio compared with the other word hypotheses
that occur in roughly the same time period on the word
graph. Words given higher confidence scores are con-
sidered to be reliably recognized.

2.4 Dynamic Programming for Speech Summarization

GGiven a transcription consisting of N words, W =
Wy, Wy, . .., Wy, an algorithm to determine a set of M
(M < N) words, V = wvy,vz,....va. maximizes the
summarization score given hy Eq. (1).
1. Definition of symbols and variables

<s> : the beginning symbol of a sentence

</s> : the ending svibol of a sentence

L(wn) : the lingnistic score

I(w,) : the word significance score

C(wn) : the confidence score

g(n) : the local summarization score of each word

s(n) = 1(wn) + ArL{wa) + AcC(wn)

Trigram probability is applied to linguistic score.
The summarization score of a word is given as

s(k,bon) = I(wn) + AL log P{wp lwiw) + AaC(w.,).

glm, l.n) : the summarization score of a sub-sentence
{s},....wy, wn, consisting of m words,
beginning from <s>, and cnding in wy, wn
(0£l<ngEN)
B(m, 1. n) : the back pointer

2. Initialization
I{wy) + Ap log P(wy|<s>)
+ AcClw,)
fi1gns(N-M+1)

—0oc otherwise

g(1.0,n) =
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3. DP process
Dynamic programming recursion is applied to cach
pair of the last two words (wy, wy,) for each sub-
sentence hypothesis consisting of m words.

form=2to M
forn=mtoN-—m+1
forl=m—-—1ton—1

glm,l,n) = ri}g;c{g('rn. - Lk D+ skl n)}
B(m,l,n) = argmax{g(m — 1, k. 1) + s(k,l,n)}
k<l

4. Select the optimal path
The best complete hypothesis consisting of M
words is determined by selecting the last two words
('I.Ui,'wh).

S(V) = max
N-M<ngN

N—M—-1<IEN -1
(i) = argmax g(M,l.n)+log P(</s>|wwy,)
N—M<ngN

N-M-1<ISN—1

a(M. 1, n) + log P(</s>|wuy,)

5. Backtracking
form=Mtol

U = Wi
I'=B(m,l,n)
h=l

=0

Figure 2 shows the two-dimensional space for the dy-
namic programming process. The vertical axis repre-
sents Lhe transcription consisting of ten words (N =
10}, and the horizontal axis represents the summarized
sentence consisting of five words (M = 5). All pos-
sible scts of five words extracted from the ten words
are traced by paths from the hottom left corner to the
top right corner. 'T'he path that maximizes the sum-
marization score has been selected. In Fig.2, a set of
words, vy, ..., U5, maximizing the summarization score

</s>
Wio
wy
Wy
W b
W 6
Ws
wy

Transcription result

M"3

Wq

Wy
<s>

<s> oy Yooy <[s>
Summarized sentence

Fig.2 Example of DP alignment for speech summarization.
(N =10, M =5)
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is extracted from the transcriptions, ws, w4, wg, wy and
W10

Although our process of summarization is carried
out based on words, the sunmarization ratio can be de-
termined based on the number of words or characters.
When summarization is caleulated based on the num-
ber of characters, the number of characters in a summa-
rized sentence changes depending on which words are
extracted. Thus the number of words to be extracted
in a summarized sentence, M, cannot be determined
by the summarization ratio. A summarized sentence
that has a maximum number of words under the target
summarization ratio is selected from multiple hypothe-
ses consisting of various numbers of words.

3. Ewvaluation Method for Automatic Summa-
rizations

3.1 Word Network of Manual Summarizations Used
for Evaluation

Automatic speech summarizations were compared with
correct target summarizations to evaluate our tech-
nique. Correctly transcribed speech was manually sum-
marized by human subjects and then used as a cor-
rect target to automatically evaluate summarized sen-
tences. The manual suminarizations varied among dif-
ferent subjects. These variations bring up the following
problems:

1. How to consider all possible correct answers in
manual summarization, and

2. How to measure the similaritics between evaluated
sentences and multiple manual summaries.

If all possible manual summarizations could be col-
lected, the one that was the most similar to the auto-
matic results would be chosen as the correct answer
and used for evaluation. However, in real situations,
the number of manually summarized sentences that can
be collected is limited. The coverage of real answers in
the collected manual summaries is unknown. When the
coverage is low, the suwmmarizations arc compared with
inappropriate targets, and the word accuracy obtained
through such comparisons is ineflicient.

In this paper, we propose the concept of summa-
rization accuracy to measure global similarity and cope
with the coverage problem at the same time. Through
this, the manual suminarizations are merged into a
word network, which approximately cxpresses all of Lhe
possible correct summarizations, including subjective
variations. The word sequence in the network that is
closest to the evaluation word sequence, is extracted
and used to measure the similarity based on word ac-
curacy.

Table 1 shows the manual summarizations gener-
ated by six human subjects, while Fig. 3 shows the vari-
ations of manual summarizations when merged into a
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Table 1 Dxample of manual summarization by human
subjects.
HE T RARTYS B mBET FE &
ORG | {Conference for prevention of global climate change
held in Japan)
N G
) (Conference held in Japan)
5 | BETHARTCE __ Pk &7E
(Conference for prevention held in Japan)
c | BATHARTY BETL THIE 2%
i (Conference for prevention of climate change held
in Japan)
D N# T W mIEE PR &%
(Conference for prevention of global climatc change
in Japan)
- EEES __ mRIE Ik &%
’ (Conference for prevention of climate change
in Japan)
P — sk @IEE ik Sk
(Conference for prevention of global climate change)

ORG: original sentence,
A-F: manual summarization by six subjects

VAP DA R ~ls>

LR n Ty 5 WG

Fig. 3 Example of word network expressing manual
summarization.

word network. In this figure, the links counecting words
represent the possible word concatenations in the sum-
marized sentence. All word strings connected by links
from the initial symbol <s> to </s> in the network can
be targets that retain important information and mean-
ing in the original sentence as well as linguistic correct-
ness.

A word string that is most similar to the auto-
matic summarization is extracted from the word net-
work as the target answer for automatic summariza-
tion. Sumrnarizalion accuracy given by Eq. (5) for au-
tomatic summarization is calculated by comparing the
automatic summarization with the extracted sentence.

Len — Sub — Ins — Del

L . 1[G/ r
Sum_ace = Ton x 100{%], (5)
where
Sum_ace : the summarization accuracy,
Sub : the number of substitutions compared
with the target word string,
Ins : the number of insertions compared
with the target word string,
Del : the number of delctions compared
with the target word string, and
Len : the number of words in the target word
string.

The most similar word string to the example sum-
marized sentence “<s> A T imhg{k &5 </s>" (Con-
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ference for climate change in Japan) in the network
(Fig. 3) is “<s> HA T REE{L Bk &3 </s>" (Con-
ference for prevention of climate change). A deletion
error of 1 is obtained by comparing these Lwo sentences.
The summarization accuracy of this automatic summa-
rization is 75%. Such accuracy enables us to evaluate
important information extraction, retention of the orig-
inal meaning, and inappropriateness ol summarization
simultaneously. However, this measure indicales only
the similarities between patterns in automatic sumnma-
rizations and manual summarizations. Summarization
accuracy is not likely to match human judgment in
reading the automatic sumarizations. Since humans
understand the meanings of sentences based on their
patterns, we can determine a strong correlation coeffi-
cient between human judgment and automatic evalua-
tion based on summarization accuracy. In addition, hu-
man subjective evaluations are varied by psychological
conditions. To obtain reliable subjective evaluations,
the automatic summarizations should be evaluated by
as many human subjects as possible. In comparison
with costly and time consuming human judgment, au-
tomatic evaluation using summarization accuracy is a
simple and effective means of numerical evaluation.

4. Evaluation Experiments
4.1 Experimental Conditions

We used spoken Japanese news broadcasts on TV in
1996 as the test data set to cvaluate the proposed
method. The news delivered by a female anchor was
recognized by an automatic speech recognition (ASR)
system. The transcription was manually segmented
into sentences. The spoken news consisted of 419 utter-
ances. Fifty utterances with a word recognition accu-
racy above 90%. were automatically summarized and
evaluated. The out-of-vocabulary (OOV) rate for a
20,000-word vocabulary was 2.5%. and the perplexity
[or the test set was 54.5. This test set included one
disfluency, thirteen fillers, and no repetitions. These
transcriptions were automatically summarized, and the
summarization ratios, the ratio of the number of char-
acters in the summarized sentences to that in the orig-
inal sentences, were set to 20, 40, 60, 70 and 80%.

The automatic transeriptions (RECOG) were sum-
marized with various combinations of word significance
scores (I), linguistic scores (L), and confidence scores
(C). Seven types of summarization were generated
by combining the scores as follows: [, L, C. I_C,
L.C. I_I.and I_L_C. These automatic suunmarizations
were evaluated using manual summarizations generated
by 25 human subjects through word extraction. The
weighting factors to balance [, L and C, namely, Aj,
AL and Ae, and the flat score of the word significance
score .o, wWere experimentally optimized.

To test the performance of automatic summariza-
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tion for transcriptions with 100% word accuracy. the
manual transcriptions (TRANS) by humans were au-
tomatically summarized. The manual summarization
by 25 human subjects of manual transcriptions (SUB)
was set as the upper limit for automatic summariza-
tion. Each manual summarization was evaluated using
all the other 24 manual summarizations as correct sum-
marizations. To insure that our method was sound,
Summarization sentences generated by randomly ex-
tracting words according to the summarization ratio
(RDM) were compared with the automatic sumimariza-
tions.

4.2 Structurc of Transcription System
4.2.1 TFeature Extraction

Sounds were digitized at 16-kHz sampling and 16-bit
quantization. The [ramme width was 25ms and the
frame shilt was 10ms. BEach feature vector extracted
from speech consisted of 12 MFCCs, their delta fea-
tures (derivatives), and a delta feature of normalized
logarithmic power. There were a total of 25 parameters
in cach vector. Cepstral coeflicients were normalized
with the CMS (cepstral mean subtraction) method.

1.3 Acoustic Models

The acoustic models used were shared-state triphone
HMMs designed using tree-based clustering. The total
number of states was 1,012, and the number of Gaus-
sian mixture components per state was 8. A speaker-
dependent model was trained based on the maximum
likelihood method. There were a total of 985 training
utterances, and the total length of the training dala
was approximately 2 hours. The initial inodel was a
female model provided by TPA [8].

4.3.1 Language Models

A bigram and a trigram were used for the language
models.  Manuscripts prepared for news broadcasts
from July 1992 to May 1996, containing approximately
500,000 sentences consisting of 22,000,000 words, were
used for constructing the language models. The vocab-
ulary was 20,000 words in size. Since Japanese sen-
tences are written without spaces between words, the
broadcast-news manuscripts were segmented into words
by using the JUMAN, morphological analyzer [9]. In
addition, the morphological analyzer tagged words with
POS and pronunciation simultaneously. The n-gram
langnage models were calculated using these tuples con-
sisting of word, POS and pronunciation.

4.3.2 Decoder

A word-graph-based 2-pass decoder transcribed

LEICE TRANS. INF. & SYST., VOL.1:87 D, NO.1 JANUARY 2004

speech [10]. A frame-synchronons beam search was per-
formed in the first pass using the previously mentioned
HMMs and the bigram language model. Context de-
pendency between phonetics was also considered. A
word graph was generated as a result of the first pass.
In the second pass, the word graph was rescored with
the trigram language model. Since cach word entry was
tagged with POS and pronunciation in our Japanese
LVCSR system, the recognition results obtained with
our system were words appended to POS and pronun-
ciation.

4.4 Training Data for Summarization Models
4.4.1 Word Signilicance Modcl

The same manuscripts used for building language mod-
els in speech recognition were used to calculate the
word significance measure for summarization. The re-
currence frequency of each word in the training data
was used for the signilicance score.

4.4.2 Language Modecl for Summarization

The language models for summarization should repre-
sent word strings in the summarized sentences. How-
ever, there is no large corpus consisting of summarized
sentences that permits the language models for sum-
marization to be calculated. The topics in newspapers
and broadcast news are the same. Newspaper lexts
are usually more compact and simpler than broadcast
news text in terms of the number of moditiers, the ab-
breviation of postpositions, and the termination of sen-
tences with noun/noun-phrase. Therefore, newspaper
texts can be used to calculate language models to sum-
marize broadcast news. A trigram language model [or
summarization was built using text from the Mainichi
newspaper published from 1996 to 1998. The vocabu-
lary used for the recognition system was also used in
the language model for summarization.

The newspaper text had fewer morphemes than
the broadcast news manuscripts as follows:

: 44 morphemes/sentence
. 17 morphemes/sentence

broadcast-news text
newspaper text

4.4.3 Conlidence Measure

The confidence measure for each word in the one best
set of a recognition result was calculated using the word
graph obtained in the first pass by the recognition sys-
tem. As the confidence measure, we used the log of the
posterior probability of each word in the word graph
calculated using the acoustic and linguistic likelihoods.

5. Summarization Results

Table 2 lists the automatic summarization results,
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Table 2  Summarization results for manual and automatic transeriptions.
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TAF— T THAT T % R CxT e 00 T etk C L] AR B L P T~ DA PR G JE 2 [l 77
CDPIE L2 TR EOHER IR BHDL Ev A R EREAELHA L LCESANG TIRET L 2 L 21O

try to reduce COq cmission according to its own GDP after A.D. 2000 at the International confereuce for
of global climate change held in Geueva)

TRANS | (The Japanese government. for the first time decided to propose a new international goal that every a,dvanced country

L

prevention

Tag— 7 TR TV S HERERIE N R OLBR L4 T HREIF & SEEEAT

80% . L
¢ (The Japancse government decided to propose a goal that every advanced country reduce COz cmission its

at the International confercnce for prevention of global climate change held in Geneva)

GDPii___ BbRFE ORI HEZORE LCESEMOTRET D ExkOILL

own GDP

Vo= 7 T2 T B HEREREL A R OB AR =TIZ|7FIBUT‘]‘J___ o KA

T0% issi
et (The Japanese government decided to proposc a goal that every advanced country reduce COz emission

at the International conference for prevention of global climate change held in Geneva)

_BRACHR TR ORI M HigaAdkE LT #WESLILTROILL

Vap =7 CHRA N TS Rk l.’.ﬁw@lﬂl?ﬁ%’(‘ﬂ/#lﬁ(m E

5 0; -
60% (The Japanese government decided to proposc a goal for reducmg CO2 emission

at the International conference for prevention of global climate change held in Geneva)

AL E O HfgddARL LT RETLZILEZEHILL

HiER AL 3 Sk C ARBOF 3
Ak T LT HiEx RTHIER D
(The Japanese government decided to propose a goal for reducing COg2 emission
at the International conference for prevention of global climatc change)

40%,

o0 | —EHLEF O HiE WES % -

(Proposing a goal for reducing CO2 emission)
[F] THANTY- A [HVv:9] il ;

THABR I HE - T EHUERESR?CDP

[V 2 R I 7 Mm“#mwhmﬁw?m LEVAFLERHESBARL LTS NMSTRETAZ L : I ELL

RECOC | (The Japanese government for the first time decided to propose a new international goal that every advanced country

try to reduce CO2 emission according to its own GDP after A.D. 2000 at the International conference for prevention
of [moon says] climale change held in [year])
AL R OERZ&E 1 ZFIH(JTT FHERY
20% S— 4| 73 UJ}JHL#H BIBOLEVIFALEBHESARE LTRATMO TIRETL L zHnE LA
('I'he Japanese government for the first time decided to proposc a new international goal that every advanced country
1ry to reduce CO2 emission at the International conference for prevention of climate change)
?Hﬂ%ﬁtkiﬁ@ﬂlﬁ-‘zﬁ;ﬁ" A BHT! iiﬁtlﬁ-lff
0% TEELRFEDOHRMBIRII B O L v HBARELCESMmO CRET I EEHOEILL
(The Japanesc government for the first time decicled to propose that every advanced country try to reduce
CO2 emission at the International conference for prevention of climate change)
lE LT R DI 478 T H AR B FtE ST
60% TRALREOFER T DD L) HigE_BARELC BETHEEFOTLIL
(The Japanese goverwmnent decided to propose a goal that every advanced country try to reduce COg emission
at the International conference for prevention of climate change)
IR LR OERZ ECHA
40% TR RFEOHR I _ Hig%z BETHZ L& ELE
(Japan decided to proposc the goal for reducing COz emission at the International conference for prevention of
climate change)
o0 | LR OBRMEIR H iz

(A goal for reducing CO2 emission)

percent: summarization ratio, [ ]: recognition error, TRANS: manual transcriptions, RECOG: automatic recognition,

( ): Translations from Japanese to kEnglish.

which indicate that this method can extract relatively

. . . including word errors.
important information and generate understandable -

Table 3 Number of word errors and summarized sentences

sentences according to the target sunmarization ratio. SU'“"”";SS;O" ratio HD(li\g 50 [ SUM

I addition, the automatic summarization of automatic 80%“ 36 (17) - )

transcriptions in Table 2 excludes recognition errors. 0% 31 (16) 5 (5)
The 50 utterances recognized by the ASR sys- 60% 25 (15) 3 (3)

tem included 69 recognition errors other than substi- 40% 18 (13) 2(2)

tution errors for kana such as %] to [ &) that — 20% i 8(71) 3 (3)

did not change the meaning of sentences. When recog- t?(m ls} 'fbtufllffdtdlrchl,y _f]m’;,l Ll_"f )r.%:)g‘:".l “0“‘ I:USLf“S‘

nition errors changing the meanings of sentences were umber of sentences including recopnition errors

extracted into automatic summarizations, the summa-

rization could not maintain the meaning of expressions errors and the number of sentences including word er-

users had uttered. Table 3 lists the number of word rors in automatic summarization. The table indicates
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that the automatic summarization approach proposed
can alleviate summarization errors caused by extracting
recognition errors into sunmmarization results.

6. Evaluation Results Using Summarization
Accuracy

Table 4 shows examples of automatic summarization
and the corresponding target extracted from a manual
summarization word network. Examples of the autlo-
matic smnmarizations of automatic transcriptions are
listed in Table 2.

The summarization accuracies of automatic sum-
marization are shown in Figs. 4 to 8. These results in-
dicate that our proposed technique of automatic speech

IEICE TRANS. INF. & SYST'., VOL.E87-D, NO.1 JANUARY 2004

summarization is significantly more elfective than ran-
dom word selection (RDM) under all of the summa-
rization ratios. The linguistic score, L can improve the
summarizalion accuracy of automatic summarization
for recognition results (REC) under every summariza-
tion ratio. In comparison with all other combinations
of scores, the combination of the significance score and
the linguistic score, 1_1., and the combination of the sig-
nificance score, the linguistic score and the confidence
score, /_L_C', achieved the highest summarization ac-
curacy with summarization ratios less than 40% and
more than 60%, respectively.

Since automatic summarization was carried out us-
ing recognition with more than 90% word accuracy in
this study, the confidence score C' contributed only to

Table 4 Example of evaluation results based on a manual summarization word network.

TRANS

T a A= TTRAN T 5 EREEE 3RO FERE 23 C O A B0 & 1618 _ T AL ol & [

GD P L7 2R R BOULAIR B0 L v B 2 MO HARE L TESHAO CHRE T A - L dhnE L

(The Japanese government. for the first time decided to proposc a ncw international goal that every advanced country
try to reduce CO2 emission according to its own GDP after A.D. 2000 at the International conference for prevention
of global climate change held in Geneva)

RECOG

(] CRT7A TV [V, 9] B RO R € P AE AT PR EATA G D

BRSPS U7 T B LR Z O B 5 L v ) i R ERHEE DAL LTRSEMOTRET LI L2 R0 E LT

(The Japancse government for the first time decided to propose a new mternauoual goal that every advanced country
try to reduce CO2 emission according to its own GDP after A.D. 2000 at the International conference for prevention
of [moon says] climate change held in [year])

80%

IR RE L A% O BFF ek ¢ OA& BOF & GDP i BLZA
i HEE & A & i3 4N WO T R $5 Ik kb FLL
(The Japanese government for the first time decided to propose a new international goal for trying to reduce

CO3 cmission according to its own GDP at the International conference for prevention of global climate change)

THLRE © JFl Bl = 95 kv Bk

-
- <

DEL T 16 R O WIE & T TA B 1 <l> <FFb s BT O B AIE - BB £ V) Bk
R BHEL & HA & LT3 4 T #% §5 2k & fo L
(The Japanese government, for the first time decided to propose a new intcrnalional goal that every advanced country

try to reduce CO; emission at the International conference for prevention of climate change)

0%

walE 1€ AR O R &Kk T HA& B & GDP 2 oL/ —MILRE O B0 fIm (- %05 £ 1)
HE % HA & LT 40 AHT RE 756 2k & o £L7
(The Japanese government for the first time decided to propose a goal for trying to reduce CQq emission
a('('ordmg to its own ('DP at the International conference for prevention of climate (‘hange)

T3R e[ Sk ’C HE BT & <%fE> <EED> <A _RILKRE @ JEh Al W BHb & v
DEL DEL HA & LT it 4l W6T K ¥2 Sk % s L1
(The Japanese government for the first time decided to propose that every advanced country

try to reduce CO2 emission at the International conference for prevention of climate change)

60%

TR LA o ERE Xk C 04 BAF 3 GE B A RRIGEE O B AW - Bos £ o

EI#% INS INS INS % ¥4 Z& % g L1

(The Japanese government decided to propose a goal that every advanced country try to reduce COsz cmission
at the International conference for prevention of climate change)

g L ff%ﬁ@ Ifliﬁ Tk C K B X BE 80 27 _MACKEFE o JFE AR ¢
Hi OA& & T""""Q‘Z.: ZE o EL

(The Japanese governmenf decided to propose a goal that every advanced country try to reduce CQs emission
at the International conference for prevention of climate change)

BbL L o9

40%

mIE {E H% O FER & T 0K B _RILRE © PRl AlS INS % 16k 74 << & ok FLLC
(The Japanese government decided to propose reducing COz emission

at the International conference for prevention ot climate change)
[WEE 1E A5k O KEPF &k C M4 DEL _MEILHE O BN BlB B %
(Japan decided o propose a goal for reducing COy crnission

at the International conference for prevention of climate change)

* TR 156 L & 0 ELL

20%

ZEAtkFE o BHL iR B RE
(Proposing a goal for reducing CQOg emission)

“EtFE o BB #& OF DEL

(A goal for reducing Q2 emission)

TRANS:

manual transcriptions, RECOG: automatic recognition. percent: summarization ratio,

upper: correct target summarization, lower: automatic summarization results,

[ 1: recognition error, < > substitution error, INS:

insertion error, DFL: deletion errvor.
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100

[0 o]
o

SUB
60

40

20
RDM

Summarization accuracy(%)

REC | TRs

Fig.4 Summarization at 20% summarization ratio. REC:
summarization of recognition, TRS: summarization of manual
transcription, RDM: random word selection, C: confidence score,
I: significance score, L: linguistic score, I _C', L_.C, I_L: combina-
tion of 2 scores, [_L_(7: combination of all scores, SUB: subjective
sutitmarization.

100~ —— T
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()
@ —
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40

20

Summarization accuracy(%)

REC TRS

Fig.5 Summarization at 40% summarization ratio. C: confi-
dence score, [: significance score, L: linguistic score, I.C, L.C,
I_L: combination of 2 scores, I_L_C: combination of all scores.

-
o
o

[o2]
o

Summarization accuracy(%)

TRS

Fig. 6 Summarization at 60% summarization ratio. C: conli-
dence score, I: significance score, L: linguistic score, I.C, L_C,
I_L: combination of 2 scores, I_L_C": combination of all scores.

automatic summarization based on a higher summa-
rization ratio in which the probability of extracting
recognition errors increascs.

The summarization accuracy of automatic summa
rization for manual transcription (TRS) was improved
by the linguistic score, L. The best summarization ac-
curacy was achieved by combining the significance score

100

0]
=]

60

40

20

Summarization accuracy(%)

REC 7 TRS

Fig. 7 Summarization at 70% summarization ratio. C: confi-
dence score, 1: significance score, I.: linguistic score, 1.C, L.C,
I_L: combination of 2 scores, I_L_C: cambination of all scores.

100

©
o

60

40

20¢

Summarization accuracy(%)

REC TRS

Fig. 8 Summarization at 80% summarization ratio. C: confi-
dence score, I significance score, L: linguistic score, I.C, L.C,
I_L: combination of 2 scores, I_L_C: combination of all scores.

and the linguistic score, /_L. However. automatic sum-
marization could not summarize as accurately as man-
ual snmmarization.

The linguistic score, L, is more cffective in increas-
ing the summarization accuracy of both REC and TRS
than the significance score, /. Humans generalte sum-
marized sentences consisting of important topic words
as well as other words that are cssential for retaining
the original meaning. Therelore, these manual summa-
rizations are not a string of topic words. Automatic
summarization generated by using the higher signif-
icance score, I, extracted mainly topic words. As a
result, these were difficult to understand as sentences,
and their summarization accuracy decreased.

In comparison with automatic summarization us-
ing only the significance score, I, more well-formed
sentences could be generated as sumimarizations when
the linguistic scorc was weighted more. Therefore, the
summarization accuracy of the automatic summariza-
tion using only the linguistic score, L. is higher than
that using only the significance score, /. Combining
the significance and linguistic scores can generate rela-
tively well-formed sentences that include more impor-
tant topic words and thus accomplish the highest sum-
marization accuracy.
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There is a decline in the performance of auto-
matic summarization with a lower summarization ra-
tio. When the sumnarization ratio is lower, summa-
rization should be generated by extracting fewer topic
words. Topic words should be detected more accurately
to summarize well with a lower summarization ratio.
However, the significance score calculated using all of
the data in the prepared manuscripts of broadcast-news
is general and consequently does not always detect topic
words well. This problem can be solved hy adapting the
significance score to the test set.

7. Conclusions

This paper proposed an aulomatic method of speech
summarization through word extraction using a DP
technique based on the word significance score, linguis-
tic likelihood, and the word confidence measure. This
paper also proposed an automatic method evaluating
the summarization achieved by extracting words from
original sentences using summarization accuracy based
on a word network produced by merging manual sum-
marizations.

The evaluation results revealed that the proposed
automatic summarization method can generate rela-
tively well-formed sentences that include more impor-
tant topic words while miniinizing the extraction of
recognition errors.

Our future research will include making abstracts
from speech consisting of multiple utterances, such as
complete news stories and lecturcs, and practical ap-
plications of screening to extract more reliable compo-
nents from automatic transcriptions at lower recogni-
tion accuracy.

Although we proposed a new method of evaluating
automatic summarization by comparing it with manual
suinmarizations, a problem remains where all possible
summarized sentences cannot always be collected by a
limited number of humans. Summarizations obtained
from ill-formed speech are sometimes linguistically in-
correct but semantically correct and understandable.
Summnarization eccuracy is too strict in these cascs.
Our future rescarch will include task-dependent eval-
uation methods such as information retrieval. Perfor-
mance needs to be evaluated from the viewpoint of how
much the original meaning. which is indispensable to
accomplish the Larget tasks, is maintained in the sum-
marization results.

Acknowledgments

The authors would like fo thank NHK (Japan
Broadcasting Corporation) for providing us with the
broadcast-news databasc and the Language Media Lab-
oratory of Kyoto University for providing Kyoto Univ.
Corpus.

IEICE TRANS. INF. & SYST., VOL.F&7-D, NO.1 JANUARY 2004

References

[1] 'T. Tmai, A. Kobayashi, S. Sato, and A. Ando. “Broad-
cast news transcription system with a progressive 2-pass
decoder,”™ IEICE Technical Report, SP99-129, Dec. 1999.

[2] T. Shinozaki, Y. Saito, C. Hori, and S. Furui. “Toward
spontaneous speech recognition,” IEICE Technical Report,
SP2000-96, Dec. 2000.

{3] R. Valcnza, T. Robinson, M. Hickey, and R. Tucker, “Sum-
marizgation of spoken audio through information cxtrac-
tion,” Proc. BSCA Workshop on Accessing Information in
Spoken Audio, pp.111 116, 2000.

(4] I. Manu and M. Maubury, Advances in Automatic Text
Summarization, The MIT Press, 1999.

[3] A. Iwasaki and S. Furui, “Topic extraction from broadcast-
news speech,” Proc. Autumn Meet. Acoust. Soc. Jpn., vol.1,
1-1-14, pp.27-28, 1998,

6] T. Kemp and T. Schaaf, “Estimating confidence using word
lattices,” Prac. Gth Eurospceech, vol.2, pp.827-830, Rhodes.
1997.

(7] V. Valtchev, J.J. Odel. P.C. Woodland, and S.J. Young,
“MMIE training of large vocabulary recognition systems,”
Speech Communication, vol.22, pp.303-314, 1997.

(8] “Japancse Dictation Toolkit,” IPA (Information-technology
Promotion Agency), Japan,
http://www lang.astem.or.jp/dictation-tk/

[9] S. Kurohashi, T. Nakamura, Y. Matsumoto, and M. Na-
gao. “lmprovements of Japanese morphological analyzer
JUMAN.” Proc. Int. Workshop on Sharable Natural Lan-
guage Resources, Nara, Aug. 1994.

[10] T. Hori, N. Oka, M. Katoh, A. Ito, and M. Kohda, “A study
on a phoneme-graph-based hypothesis restriction for large
vocabulary continuous speech recognition,” Trans. 1PSJ,
vol.40), no.4, pp.1365-1373, 1999.

Chiori Hori reccived B.E. and M.E.
degrees in electrical and information cngi-
neering [rom Yamagata University, Yone-
zawa, Japan, in 1994 and 1997, respec-
tively. In April 1999, she started the doc-
toral course in the Graduate School of In-
formation Science and Enginecring at To-
kyo Institute of Technology (TITECH),
Tokyo, Japan, and received the Ph.D. de-
gree in March 2002. From April 1997 to
March 1999, she was a Research Associate
with the Faculty of Literature and Social Sciences, Yamagata
University. She is currently a Researcher with NTT Communi-
cation Science Laboratories (CS Labs), Nippon lelegraph and
Telephone Corporation (NTT), Kyoto, Japan, which she joined
in 2002. Dr. Hori is a member of the Acoustical Society of Japan
(AS).




HORI and FURUL SPEECH SUMMARIZATION: AN APPROACH THROUGH WORD EXTRACTION

Sadaoki Furui is currently a Pro-
fessor with the Department of Computer
Scicnce, Tokyo Institute ol Technology
(TITECH), Japan. He is engaged in a
wide range of research on speech analysis,
speech recognition, speaker recognition,
speech synthesis, and multimodal human-
camputer interaction. From 1978 to 1979,
he served on the staff of the Acoustics
Rescarch Department, Bell Laboratories,
Murray Hill, NJ, as a Visiting Rescarcher
working on speaker verification. He is Editor-in-Chicf of the
‘Transactions of the /EICE. He is also an Editorial Board mem-
ber of Speech Commumication. the Journal of Computer Speech
and Languoge, and the Journal of Digital Signal Processing. He
is the author of Digital Speech Processing. Synthesis, and Recog-
nition (New York: Marcel Dekker, 1989; revised 2000), in En-
glish, Digital Speech Processing (Tokyo, Japan: Tokai Univer-
sity Press. 1985). in Japanese, Acoustics and Speech Process-
ing (Tokyo, Japan: Kindai-Kagaku-Sha, 1992), in Japanese, and
Speech Information Processing (Tokyo, Japan: Morikita, 1998),
in Japancse. He cdited Adwvances in Speech Signal Processing
(New York: Marcel Dekker, 1992) jointly with Dr. M.M. Sondhi.
He has translated into Japanese Fundamentals of Speech Recog-
nition, authored by Dr. L.R. Rabiner and Dr. B.H. Juang (Tokyo,
Japan: NTT Advanced Technology, 1995) and Vector Quantiza-
tion and Signal Compression, authored by Dr. A. Gersho and
Dr. R.M. Gray (Tokyo, Japan: Corona-sha, 1998). Dr. Furui
is a Fellow of the Acoustical Society of America. He is Presi-
dent of the Acoustical Socicty of Japan (ASJ). the International
Speech Communication Association (ISCA), and the Permanent
Council for International Conferences on Spoken Langnuage Pro-
cessing (PC-ICSLP). He is on the Board of Governors of the
IEEE Signal Processing Society (SPS). He has served on the
IEETS Technical Committees on Speech and MMSP and on nu-
merous IEEE conference organizing committees. He received the
Yonezawa Prize and the Paper Award from the IEICE in 1975,
1988. and 1993, and the Sato Paper Award from the ASJ in 1985
and 1987. Ile received the Senior Award from the IEEE ASSP
Society in 1989 and the Achievement Award from the Minister
of Science and Technology, Japan, also in 1989. He has received
the Book Award from the IEICE in 1990. He has al:o received
the Mira Paul Memorial Award from the AFECT, India, in 2001.
In 1993, he served as an IEEE SPS Distinguished Lecturer.

25



