Figure 3: Comparison of segmentation ability .

6. Create a keyword vector ~ K S for each detected topic, and re-evaluate the relations b etween adjoining topics i and j (= i + 1) by the following function to concatenate over-segmented topics:

R (i; j ) =

X

S =fg ;p;l;tg

a S

~ K S (i) � ~ K S (j )

�

�

� ~ K S (i)

�

�

�

�

�

� ~ K S (j )

�

�

�

(2)

As for a S , the same weights as de�ned in (1) were used.

If R (i; j ) do es not exceed a certain threshold (set to

0.13), the adjoining topics are concatenated. This process is continued until no more concatenation o ccurs.

After the concatenation, topics with only one sentence are deleted since they tend to b e either noisy or relatively less imp ortant when structuring a large-scal1 corpus.

Figure 3 shows the recall-precision curb of topic b oundary detection derived from applying the prop osed metho d to a test data set (14 days) indep endent from the training data set. Sup eriority of employing the weighted segmentation is shown by comparing it with the unweighted segmentation. The weights derived in (1) indicates that temp oral noun sequences are not imp ortant in segmentation, and that lo cational noun sequences are esp ecially imp ortant, which matched our assumption. The segmentation threshold was de�ned as 0.17 where the sum of recall and precision of the weighted segmentation curb was maximal. The dotted curb is the recall-precision curb of topic b oundary detection after over-segmented topic concatenation when the segmentation threshold was 0.17. The concatenation threshold was de-

�ned as 0.13 where the sum of recall and precision of the concatenated segmentation curb was maximal.

W e applied the pro cedure to 481 daily closed caption texts ranging from March 16, 2001 to Septemb er 24, 2002. This exp eriment resulted in extracting 5,864 topics with an average of 8.53 sentences p er topic.

W e examined the e�ectiveness of the prop osed metho d by applying it to the ab ove-mentioned test data set. Excluding topics with only one sentence, there were 130 manually extracted topics as the ground truth. The result is shown in T able 1. Strictly correct topics are those that b oth the b eginning and the ending p oint completely match with the ground truth, over-segmented topics are those that b egin and end within a ground truth topic. The prop osed weighted metho d shows higher p erformance than the unwieghted metho d that do es not discriminate noun attributes.

Although strictly evaluated recall and precision is low, if over-segmentation could b e accepted, the result shows realistic ability . Since even over-segmented topics consist of at

T able 1: Ev aluation of topic segmentation.

W eighted Unweighted

Extracted 140 137

(Strictly correct) 47 44

(Over-segmented) 56 53

(Incorrect) 37 40

Overlo oked 20 28

Recall (Strict) 36.2% 33.8%

Precision (Strict) 33.6% 32.1%

Recall (Accept over-seg.) 79.2% 74.6%

Precision (Accept over-seg.) 73.6% 70.8% least two sentences, they should b e su�cient to represent the contents of topics to some extent.

2.2.3 T opic tracking

T opics are tracked after the segmentation. In order to track topics, relation b etween two topics needs to b e evaluated. Equation (2) was used for this purp ose, with the following weights:

(a g ; a p ; a l ; a t ) = (0:25; 0:25; 0:25; 0:25)

The weights de�ned in (1) were not used, since relations in segmentation and tracking should have di�erent roles. Although the weights are currently set to an equal value, we are considering to dynamically adjust them dep ending on the user’s initial query terms and tracking history . Such adjustment should provide a user with related topics re ecting his/her intention.

3. VISU ALIZING THE TOPIC-BASED STRUC-

TURE

W e implemented a topic browsing interface, namely \T opic

Browser" to visualize the topic-based structure analyzed in

Section 2. It consists of two di�erent interfaces: \T opic

Finder" (Figure 4), and \T opic T racker" (Figure 5).

The \T opic Finder" interface is somewhat similar to conventional keyword-based news video retrieval, but the combination with the \T opic T racker" enables to track and narrow down the contents of the retrieval, which is exceptionally imp ortant when browsing through a very large-scal1 corpus.

F or example, a query \Bin Laden" may return hundr9ds of topics that contain the name, but with a broad variety of contents, such as \Attacks on Septemb er 11", \Bombing in Afghanistan", \T ravel safety", and so on. Selecting a sp eci�c topic narrows down the query to a small set of the entire corpus, which frees a user from browsing through a tremendous amount of mostly uninteresting topics, and moreover provides the user an interface to view the latent content-based structure of the corpus.

3.1 T opic �nding interface: ^T opic Finder~

The \T opic Finder" shown in Figure 4 is a p ortal to the topic browsing interface. First, a user typ es in a query term

(e.g. Bin Laden). Then the interface returns topics that contain the query term in chronological order. Each topic segment is represented by a thumbnail (the �rst video frame of the topic segment) and the �rst several hundr9d characters of the closed-caption text of the topic segment. The user can browse through them and select the most relevant one to his/her interest. The right side of the browser displays the video and the closed-caption text corresp onding to the selected topic.

Figure 4: \T opic Finder" interface.

3.2 T opic tracking interface: ^T opic T racker~

The \T opic T racker" shown in Figure 5 is an interface

to track a topic interactively . Although the initial topic

should b e selected through the \T opic Finder", the consec-

utive tracking is done solely within this interface.

The interface displays most relevant topics in relational

order, separated in two categories: past news and future

news. Here, the terms \past" and \future" represent the

time relations with the selected topic. The user could either

track anterior or p osterior sequence of events concerning the

selected topic by selecting a topic among the related ones,

and setting it as the next selected topic. Such interactive

tracking go es on until the user understands the details of a

series of similar topics.

W e have found that the tracking interface is very infor-

mative in order to follow the transition of a sp eci�c topic.

4. CONCLUSION

In this pap er, we prop osed a topic-based news video struc-

turing metho d, as a �rst step to elucidate latent structures

within a very large-scale news video corpus. First, metho ds

to segment and track topics by closed-caption text analy-

sis were describ ed and evaluated. Next, visualization of the

topic-based structure re ecting the segmentation and track-

ing was intro duced. Although detailed evaluation is yet to

b e done, the visualized interface showed go o d browsing abil-

ity for users to retrieve and track a topic of interest. W e

will further investigate on achieving b etter topic segmen-

tation quality employing b etter learning metho ds, and also

dynamically adjusting the tracking pro cess in order to adapt

to the user’s interest. User interface should also b e improved

in the visual interface to enable smo other tracking.