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Abstract 

The purpose of automatic title generation is to understand a 
document and to summarize it with only several but readable 
words or phrases. It is important for browsing and retrieving 
spoken documents, which may be automatically transcribed, 
but it will be much more helpful if given the titles indicating 
the content subjects of the documents. For title generation for 
Chinese language, additional problems such as word 
segmentation and key phrase extraction also have to be solved. 
In this paper, we developed a new approach of title generation 
for Chinese spoken documents. It includes key phrase 
extraction, topic classification, and a new title generation 
model based on an adaptive K nearest-neighbor concept. The 
tests were performed with a training corpus including 151,537 
news stories in text form with human-generated titles and a 
testing corpus of 210 broadcast news stories. The evaluation 
included both objective F1 measures and 5-level subjective 
human evaluation. Very positive results were obtained. 
Keyword: title generation, Chinese spoken documents 

1. Introduction 
Automatic generation of titles for spoken documents is 

believed to be very important for future network era. When 
many multi-media information become available over the 
Internet and most of them include voice information, 
automatically generated titles (in texts) for segments of such 
materials will be very helpful in browsing and retrieval. This is 
just a simple example application scenario. A title can be 
regarded as an abstract or a brief summary. Unlike the 
traditional task of summarization, title generation needs to 
"learn" from the documents more and try to express the 
concepts carried by the documents in only several words or 
phrases. Sometimes a title may even include words that didn't 
appear in the document. Title generation is therefore usually 
considered as a difficult and challenging problem. 

The Informedia project [1] at CMU started some research on 
title generation several years ago for English language. They 
tried to find out the relationship between the documents and the 
corresponding human-generated titles for the training corpus, 
and extend such relationship to evaluation documents. Such 
work has been done on text documents as well as broadcast 
news. But there is not much work reported on the title 
generation for Chinese spoken documents yet. In this paper, 
some new approaches for title generation for Chinese spoken 
documents are developed and analyzed, including a new 
adaptive K nearest-neighbor concept and some special 
measures handling the special problems in Chinese language. 

To deal with Chinese spoken documents, there are many 
additional problems which have to be solved having to do with 
the special structure of Chinese language. Unlike English or 
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European languages, Chinese language is not alphabetic. 
are thousands of different Chinese characters, each of 
has its own meaning and plays very independent 

tic roles in sentences. A Chinese word is composed of 
 several characters, but with very flexible wording 
re. There are no "blanks" serving as word boundaries in 
 Chinese texts. As a result, the "word" in Chinese 
ge is not well defined and the segmentation of a sentence 
ord sequence is usually not unique. This makes the out of 
lary (OOV) problem specially serious in handling 

ms of Chinese speech recognition. In addition, the 
ition errors for spoken documents certainly create 
nal problems. 
 rest of the paper is organized as follows. The framework 
le generation is presented in section 2, and the 
nents of the proposed approach are discussed in section 
d 5. The experimental results are reported in section 6, 
onclusion is given in section 7. 

. The Framework for Title Generation 
eneral framework for title generation includes two parts: 
rning part and the generating part. The basic idea is to 
ind out in the learning part the relationship between the 
g documents and the corresponding human-generated 
and in the generating part extend such relationship to 
tion documents. As shown in Figure 1, 

},,2,1, Njj K= is the set of N training documents 

jd  is the j-th document, and },,2,1,{ NjtT j K==  is the 

he corresponding human-generated titles, all in text form. 
 other hand, },,2,1,{ NidD i K==  and },,2,1,{ NitT i K==  
 sets of evaluation documents transcribed from speech 
into text form and the desired corresponding 
tically generated titles. So, the problem of title 

tion can be formulated as the problem of establishing the 
nship between D  and T , given the relationships 
n D  and T , between D  and D , and between D  and T . 

 research, Chinese text news with human-generated titles 
 as D  and T , while Chinese broadcast news as D  in 
periments, although the approaches and concepts are 
ly extendable to other types of documents. 

},...,1,{ NjdD j ==                      },...,1,{ NidD i ==  

 
 
 
 
 
 

},...,1,{ NjtT j ==                        },...,1,{ NitT i ==  
Figure 1. Training and evaluation corpus 

Documents of  Training 
Corpus (text form) 

Documents of Evaluation 
Corpus (speech transcribed 

into text form) 

Titles of  Training Corpus 
(text form)

Titles of Evaluation 
Corpus (text form)



The general framework for title generation approach proposed 
in this paper is shown in Figure 2, where the upper half is the 
learning part and the lower half is the generating part. In the 
learning part, the preprocessing units are used to handle the 
special problems for Chinese language and produce the set of 
word segmented titles and documents. They are then used to 
train the topic classifying models and the title generation 
models. 

In the generating part, the evaluation spoken documents are 
first transcribed into text form, classified into the 
corresponding topic by the topic classifier, and the titles are 
finally generated by the title generator. In some cases a 
language generator (postprocessing unit) is needed to arrange 
the words in the titles in a readable sequence order. 

3. Preprocessing Units and Topic Classification 
The preprocessing units include two modules to deal with 

the special problems with Chinese spoken documents: key 
phrase extraction and word segmentation. In addition, topic 
classification is very helpful in title generation. 

3.1. Key phrase extraction 

As mentioned previous, a large number of new words are 
generated everyday in Chinese language, and in particular 
many new words appearing in the broadcast news are very 
often the key phrases in the documents and therefore the 
important components of the titles. This is why we need to 
extract the key phrases from the training documents as well as 
their titles [2]. The basic approach used in the process is to 
iteratively concatenating adjacent words kw  and lw  into 
longer key phrases based on the geometric average of the 
forward and backward bigram, 

)|()|(),( klrlkflk wwPwwPwwLM =
)()(

),(

lk

lk

wPwP
wwP

=        (1) 

3.2. Word segmentation 

The extracted key phrases were added to a standard Chinese 
dictionary and this augmented dictionary was used to segment 
the training documents and their titles into word sequences 
based on a maximum matching principle, which favors the 
longer words and phrases and is a greedy algorithm [3].  

3.3. Topic classifying models 

It is very helpful to classify the evaluation documents into 
clusters of respective topic categories, },...,2,1,{ MncC n == , 

where nc  is the n-th category and M  is the total number of 
categories. In this research, the training corpus has been 
manually classified into 36 categories, and the "Rainbow" 
document classification algorithm in the ‘Bow’ toolkit [4] was 
adopted for topic classification. 

4. Title Generation Models 
A total of five different title generation models have been 

tested and analyzed here, as very briefly summarized below. 
The first four are primarily developed previously, while the 
last one is the new approach proposed in this paper. 
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ure 2. The complete structure of the proposed approach 

 nearest-neighbor approach (KNN) 

s approach, for each new document Dd i ∈ , instead of 
g a new title it  for it, we try to find an appropriate title 
training corpus Tt j ∈  for a training document Ddj ∈   

is nearest to id . In the learning part, the documents in 
ining corpus, Ddj ∈ , are indexed by the document 

ing schema [5],  
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),( jk dwtf  is the term frequency of the word kw  in the 

ent
jd , N  is the size of the training collection, and 

)  is the number of documents in the set D  that include 
rd kw . The value of ),(' jk dwa , ),( jk dwa  normalized 

spect to all words 
kw  in the document 

jd , is taken as 

dexing parameters for each document 
jd  in each 

ry of the training corpus. 
e generating part, the similarity measure ),( ji ddS  

n the input evaluation document id  and each training 
ent 

jd  in training corpus is defined as 

),(),(') i
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∑
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×= .                                (3) 

itle it  automatically generated for id  is the title 
esponding to document 

jd  with maximum ),( ji ddS . 
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4.2. Naive Bayesian approach with limited vocabulary 
(NBL) 

In this approach, we try to find out the correlation between 
the words in the document 

jd and its title jt . Limited 

vocabulary implies that we only consider those words co-
occurring in the document 

jd and its title 
jt . In the learning 

part, for all document-word/title-word pairs kw  co-occurring 
in all document/title pairs ),( jj td in the training corpus, where 

Dddw jjk ∈∈ , , and Tttw jjk ∈∈ , , we compute the 

conditional probability ),|,( DwTwP kk  as follows: 

∑∑
==

×=
N

j
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N

j
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11
),(),(),(),|,( ,   (4)                    

where ),( jk twtf is the term frequency for the word kw  in the 

title 
jt . 

In the generating part, the words used in the title it  of a new 

evaluation document id are selected based on the generating 
potential ),( ik dwG for all words ik dw ∈ , 

),|,(),(),( DwTwPdwtfdwG kkikik ×= .                                (5) 

We choose the top L  words ik dw ∈  ranked with ),( ik dwG  

to be used in the title it , where L  is the average length of all 
titles Tt j ∈ . 

4.3. Naive Bayesian approach using full vocabulary (NBF) 

In the NBL approach above, we only consider those words 
co-occurring in the training document 

jd  and its title 
jt . 

However, there may be some words 
kw  suitable for the title it  

but do not exist in the document id . In this approach, we 
therefore release this constraint by mapping all words 

jk dw ∈  

to all words jl tw ∈ . Everything else is almost the same. So we 

have in the learning part 

∑
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where ∑
=

×=
N

j
jljklk dwtftwtfDwTwC

1
),(),(),|,( . The generating 

part is very similar to equation (5) of NBL in the above, 

∑ ×=
l

lkilik DwTwPdwtfdwG ),|,('),(),(' .                          (7) 

4.4. Extractive summarization approach using TF/IDF 
(TF/IDF) 

In this approach, we simply select the sentence in the document 
with the highest total TF/IDF score as the title. Therefore in the 
learning part, we simply compute the IDF values,  

)
)(

log()(
k

k wdf
Nwidf =                                                           (8) 

for all words kw in all documents Dd j ∈ . 

In the generating part, we pick up the sentence that has the 
highest total TF/IDF score, which is the sum of the TF/IDF 
values of all words 

kw in the sentence [6], where  

(tfidf
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)(),() kikk widfdwtfw ×= .                                   (9) 

e it is difficult to identify the sentence boundary in 
 documents, we assume that when a silence with long 
 duration happens, it is a sentence boundary.  

daptive KNN approach (AKNN) – the new approach 

of the above four methods has its own merits and 
ions. KNN has the nice property that it uses the original 
re of human-generated titles in the training corpus, but 
he fatal problem that it needs to have some training 
ents highly correlated to the new evaluation documents. 
not perform well at all for a document telling a 
tely new story. A new approach is therefore developed 

 paper, in which we try to ameliorate the limitations of 
N approach yet keep the advantages of it using the 

deas of a few other approaches. KNN, NBL and TF/IDF 
g steps are adopted to be part of the learning process of 
proach. We also compute ),(' jk dwa  , ),|,( DwTwP kk

, 

)( kwf previously defined for KNN, NBL and TF/IDF 
ches respectively under equation (2) and in equations (4) 
) from the training corpus.  
 block diagram of the generating part of this approach is 
 in Figure 3. We first obtain the top K training 
ents nearest to the input evaluation document. In the 

ent to be presented below, K = 15. The titles of these K 
t training documents are then rescored using the NBL 
ch, and the best training document is chosen, 

),(maxarg
1

jk
Kj

dwG
≤≤

                                                   (10) 

),( jk dwG  is as in equation (5), except it is for one of 

 K selected training document 
jd . But the title *

jt  for 

lected document *
jd  is still for a training document, not 

arily good enough for the new evaluation document. We 
re assume that the words kw with the highest TF/IDF 

, )( kwtfidf  as defined in equation (9), in the new 
tion document are the key name entities. So the words 
pear in the selected training title *

jt  yet do not appear in 

w evaluation document are replaced by those words in 
 evaluation documents with the highest TF/IDF values. 

 
 
 
 
 
 
 

 
igure 3. The generating part of the AKNN approach 

5. Postprocessing Unit 
two models discussed above, NBL and NBF, only the 
for the titles are selected, but these words may not be in 
rder. A postprocessing unit is therefore needed to re-
ce those words to make a readable sentence for these 
odels. For this unit, we first train a trigram language 

from all documents in the training corpus, 
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},,2,1,{ NjdD j K== . Viterbi algorithm is then performed 

over a hidden Markov model (HMM) for the selected words 
for the title as shown in Figure 4. In this HMM, each selected 
word is a state and the trigram and bigram probabilities are 
assigned as the state transition probabilities, while the 
conditional probabilities ),|,( DwTwP kk

 as in equation (4) are 
taken as the observation probabilities for the states.  
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Figure 4. HMM language generation for NBL and NBF 

6. Experiment Results 
The training corpus includes 151,537 pieces of Chinese news 

in text form with human-generated titles offered by the Central 
News Agency (CNA) at Taipei. 210 spoken news broadcast by 
FM News98 radio at Taipei is used as the evaluation 
documents. The reference titles for these evaluation spoken 
documents were produced by the students of the Graduate 
Institute of Journalism of National Taiwan University. These 
titles were used in the performance measures presented below. 
The objective performance measure F1 scores, 

)(
21

recallprecision
recallprecisionF

+
××

=                                                      (11) 

where precision and recall are calculated from the number of 
identical Chinese characters in computer-generated and human-
generated titles. In addition, five-level subjective human 
evaluation was also performed, where 5 is the best and 1 is the 
worst. Two different metrics were used in the subjective human 
evaluation, "Relevance" calibrating the relation between the 
computer-generated titles and the evaluation spoken documents, 
and "Readability" indicating how the computer-generated title 
is readable. In performing the subjective human evaluation, 
each subject was given the reference titles with reference 
scores for both “Relevance” and “Readability” of 5, 3 and 1 for 
some reference documents, so the results can be more 
consistent for different subjects. 
The effect of the key phrase extraction was first evaluated. 

The F1 scores are plotted in Figure 5(a). Apparently key phrase 
extraction is helpful in all different models, and the new 
AKNN approach performs the best. The use of the topic 
classifier was evaluated next. The results in Figure 5(b) 
indicate that the topic classifier is certainly helpful for all 
models. Again the new AKNN approach performs the best. 
The effect of speech recognition errors was next evaluated 

with the key phrase extraction and topic classifier applied. The 
accuracy for Chinese characters for the evaluation spoken 
documents was 76.83%. The comparison of F1 scores with the 
titles generated by manual close caption without any 
recognition error is shown in Figure 6. 

We can observe that the recognition errors did degrade the 
F1 scores, but not too seriously. Again, the AKNN approach 
proposed in this paper offered the best performance. 

The subjective human evaluation results for spoken 
documents with recognition errors with both the key phrase 
extraction and the topic classifier applied are listed in Table 1. 
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 5. (a) F1 scores for evaluating the effect of using the 
rase extraction unit. (b) F1 scores for evaluating the 

of the topic classifier. 
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 6. F1 scores using spoken documents and close caption 

can see that the AKNN approach proposed in this paper 
htly better than the original KNN in the "Relevance” 
On the other hand, KNN received the best score of  
bility", which is very natural. 

Table 1. The subjective human evaluation results 
 KNN NBL NBF TF/IDF AKNN

vance 3.220 2.532 1.505 2.908 3.294
ability 4.642 1.954 1.468 3.046 4.615

7. Conclusion 
s paper, new approaches for title generation for Chinese 
 documents are proposed and tested. We found that the 
ition errors did not degrade the performance of title 
tion too seriously. Both the key phrase extraction and 
pic classification are very helpful. The new AKNN 
ch proposed in this paper does offer quite satisfactory 
. 
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