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Abstract. In this paper, a novel framework is developed to support persondalize
news video recommendation. First, multi-modal information sourcesdars
videos are seamlessly integrated and synchronized to achieve mobéerabavs
topic detection, and the contexts between different news topics aretexticac
tomatically. Second, topic network and hyperbolic visualization are sesiyles
integrated to support interactive navigation and exploration of large-soHec-
tions of news videos at the topic level, so that users can gain deep insfghts o
large-scale collections of news videos at the first glance. In such atiterdopic
network navigation and exploration process, users’ personal baakgd knowl-
edge can be exploited for selectingws topics of interegmteractively, building

up their mental models of news needs precisely and formulating theieguesrs-

ily by selecting the visible news topics on the topic network directly. Our system
can further recommend the relevant web news, the new search dieaitd the
most relevant news videos according to their importance and repaggeness
scores. Our experiments on large-scale collections of news videephawided
very positive results.
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1 Introduction

There are more than 30,000 television stations in the wdhleke television stations
broadcast large amounts of TV news programs (news videasy @lay. Due to the
large number of broadcast channels and TV news programsndimeéws videos of
interest is not a trivial task: (a) Most existing contenséa video retrieval (CBVR)
systems assume that users can formulate their informagedsprecisely either in
terms of keywords or example videos. Unfortunately, useay not be able to know
what is happening now (i.e., if they know it, it is not a new)yys it is very hard for
them to find the suitable keywords or example videos to foateutheir news needs
precisely without obtaining sufficient knowledge of the italale news topics of inter-
est. Thus there is an urgent need to develop new techniqueetecting news topics
of interest from large-scale collections of news videosdsist users on finding news
videos of interest more effectively. (b) Because the samsriepic can be discussed
in many TV channels and news programs, topic-based newshseay return large
amount of news videos and thus simple news search via toggsbming the serious
problem of information overload to the users. (c) Most éRggCBVR systems treat all
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users equally while completely ignoring the diversity aagid change of their search
interests. Besides the rapid growth of broadcast TV charawed news programs, we
have also observed different scenarios of news needs fribenatit users, thus it is very
difficult to come up with ane size fits alhpproach for accessing large-scale collections
of news videos. (d) The keywords for news topic interpretatnay not be expressive
enough for describing the rich details of video contentgigsdy and using only the
keywords may not be able to capture users’ search intengiffestively. Thus visual-
ization is becoming a critical component of personalizedsieideo recommendation
system [3-8]. (e) The objectives for personalized vide@nemendation and content-
based video retrieval are very different, which make it utasle to directly apply the
existing CBVR techniques for supporting personalized @idecommendation. Thus
supporting personalized news video recommendation isrbiegpone important fea-
ture of news services [1].

In this paper, we have developed a novel framework to supgodonalized news
video recommendation, and our framework is significantfiedent from other existing
works: (a) Rather than performing semantic video classifineand automatic video
content understanding on the single-modal channel of nedens, we have seam-
lessly integrated multi-modal information channels (aydideo and closed captions)
to achieve more reliable news topic detection. (b) The aggons among the news top-
ics (i.e., inter-topic contexts) are determined autonaditi@and an interestingness score
is automatically assigned to each news topic via statistigalysis. Such interesting-
ness scores are further used to select the news topics ofshtnd filter out the less
interesting news topics automatically. (c) A hyperboligualization tool is incorporated
to enable interactive topic network exploration and all@ens to gain deep insights of
large-scale collections of news topics at the first glanoehat they can make better
search decisions and find the news topics of interest irtteeac according to their
personal preferences. The user’'s personal knowledgeshsedentions and contexts,
which are disclosed and captured in the interactive topiwowk navigation and explo-
ration process, can be taken into consideration for pelizamathe topic network and
the search results. (d) A novel video ranking algorithm igeftaped for recommending
the relevant web news, the new search directions and the nelesant news videos
according to their importance and representativenesgséor a given news topic.

2 Related Work

The Informedia Digital Video Library project at CMU has aeted significant pro-

gresses on analyzing, indexing and searching of large-scdlections of news videos
[11-12], and several applications have been reported, ascdemantic video under-
standing, multi-modal decision fusion, keyword-basecdwuidetrieval and query result
visualization. Unfortunately, automatic video undersiiag is still an open problem for
computer vision [7-8].

Visualization is widely used to help the users explore lag®unt of data collec-
tions and find interesting parts interactively [3-8]. Inrgd3] has been developed for
visualizing and exploring large-scale text document abiéams, where statistics of news
reports is put on a world map to inform the audiences of therss” of regions and
the relations among the regions. One major problem for secymphical location-
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based visualization approach is that some hot regions @satiddle-east) may be too
busy but other places may be empty. TimeMine [4] is proposetktect the most im-

portant reports and organize them through the timeline th¢hstatistical models of
the word usage. Another system, called newsmap [5], camagaews topics from

Google news on a rectangle, where each news story covergalization space that is
proportional to the number of related news pages reporteé@dngle. News titles are
drawn in the visualization space allocated to the relevanisitopic.

Itis very attractive to visualize the news topics accordmtieir importance scores,
but another aspect of news topics (i.e., inter-topic cds)eare missed by all these ex-
isting techniques (e.g., this could be a serious problemalfdhese existing techniques
because the news topics of inetrest may never happen indiy). Context between
the news topics is also very important for users to make bs#tarch decisions, espe-
cially when the users are not familiar with the available sdapics and their search
goals or ideas are still fuzzy. The inter-topic context care @ good approximation
of the interestingness of the news topics (i.e., like PagkRar characterizing the
importance of web pages). Thus it is very attractive to irgtsytopic network (i.e.,
news topics and their inter-topic contexts) for charazieg the interestingness of the
news topics, assisting users on making better search desiand suggesting the future
search directions.

ThemeRiver [6] can visualize large-scale collections ofimelocuments with the
keywords or the themes. ThemeRiver can intuitively reprethee distribution structure
of the themes and the keywords in the collections. Suchiloligion structures of the
themes and the keywords may be useful for disclosing statis¢nowledge of large-
scale collections of news documents, but they may not maiesanse to the users
according to their goals of news search because there istemresh gap between the
distribution structures and the users’ real news needs (@gs analysts may care such
statistical knowledge, but general users as the news seeka@y just care the news
topics of interest and their inter-topic contexts).

When large-scale news collections come into view, the numitée available news
topics could be very large and displaying all of them to thersisnay mislead them. To
visualize the news topics of interest in a size-limited snranost existing algorithms
have to select the most significant news topics of interesiraing to their definitions
of importance. Unfortunately, the importance score of agiepic may depend on two
issues: (a) the relative importance of the given news tapileé pool of large-scale news
video collections; (b) the personal preferences for eacticpéar user which may not
be known at the beginning. Thus selecting and disclosing thiel most important news
topics of interest according to the pre-defined criteria imager users to access some
news topics, which are strongly related with their persqraferences but may not
be significant in the large-scale news video collections.éxample, the news topics
for NBA playoff may be very interesting for basketball falsit the news topics for
president candidate ellection may always dominate the pboews topics and have
higher interestingness scores in general. Thus there isgamtuneed to develop new
algorithms which are able to take the user’s personal mafess into consideration for
defining the personalized interestingness scores of the tegics.
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There are two well-accepted approaches for supportingopaliged information
retrieval [9-10]:content-based filteringnd collaborative filtering Unfortunately, all
these existing personalized information recommendagohrtiques largely depend on
the collections of users’ profiles and the available textexindescriptions, thus they
cannot support new users effectively because their profil@g not be available. Be-
cause of the shortage of the available text descriptionswsivideos, all these existing
techniques cannot directly be extended for enabling patz@d news video recom-
mendation and there is an urgent need to develop news frarkewo

3 Personalized News Topic Recommendation

In this paper, an interactive approach is developed by paratingtopic networkand
hyperbolic visualization to recommend thews topics of interesbr assisting users
on accessing large-scale collections of news videos méeetiokly. To do this, an au-
tomatic scheme is first developed to construct the topic owtvior representing and
interpreting large-scale collections of news videos attipéc level. In addition, a hy-
perbolic visualization technique is integrated to enafileractive navigation and explo-
ration of large-scale topic network and recommend the nepisg of interest according
to the users’ personal preferences.

Closed Captions

! |

[ Asr | | NLP | [Video Classification]

Synchronization

l Synchronization |

Fig. 1. The flowchart for synchronizing multiple sources for news tpic detection.

Topic detection is important because many people often twadentify some spe-
cific news stories or topics that are relevant to their peakimerests. For the TV news
programs, there are three multi-modal information chan(elidio, video and closed
captions) that can be integrated and be synchronized tdeemetve reliable news topic
detection. Because the inherent property of speech isypseghantic, lexical search
from automatic speech recognition (ASR) transcripts has leeated as the most suc-
cessful strategy for content-based video retrieval. Thelpm with the ASR transcripts
is that the spoken words may not completely cover the abunskmantic contents
available in the news video.

As shown in Fig. 1, we have developed a new scheme for automaivs topic
detection by taking the advantage of multi-modal inform@atthannels (cross-media).
First, automatic speech recognition (ASR), natural laggyarocessing (NLP), and se-
mantic video classification are performed parallelly orsththree multi-modal infor-
mation channels to determime the keywords for news topicrig#in from both the
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audio channel and the closed captions and detect the videmepts from the video
channel. Second, the audio channel is synchronized witlclds®d captions, and the
video channel is further synchronized with the audio chhand the closed captions.
Finally, the news topic detection results from these thrakirmodal information chan-
nels are integrated to boost the performance of our news tigiection algorithm. Af-
ter the closed captions are synchronized with the news sjdee can assign the video
shots to the most relevant news topics that are accuratedgteée from the closed cap-
tions. Thus all the video shots, which locate between the titae and the end time of
a given new topic (that has been detected from the closetaoaptare assigned to the
given news topic automatically. Integrating multi-mod#birmation channels for news
topic detection can significantly enhance the detectionracy.

The inter-topic contextual relationships are obtaineamuatically, where both the
cosine similarity and the mutual similarity for the reletapws topics are used to define
a new measurement for determining their inter-topic assiocis more precisely. The
inter-topic contex”(C;, C;) between two news topieS; andC; is determined by:

T(C@,Cj):Or@(Ci,Cj)ﬁLﬂ'W(Ci,Cj), Oé+,8:1 (1)

where the first pa?(C;, C;) denotes the cosine similarity between the term weights for
the text terms to interpret the news topf¢sandC;, the second patt (C;, C;) indicates

the mutual similarity between the text terms for interprgtine news topic€’; andC;
according to their co-occurrence probabiliyand3 are their relative importances.

Fig. 2. Our large-scale topic network for organizing large-scale newvideos.

The cosine similarityp(C;, C;) between the text terms for interpreting the news
topicsC; andC; can be defined as:

Zl L wi(C) - wi(C)

\/Zz  wi(Ci) \/Zl:lwl(CJ)Q

whereN is the number of news documents (closed caption documents)ricollec-
tions, w;(C;) andw;(C;) are the weights for the text terms for interpreting the news

(C;,Cy) (2)
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topicsC; andC;.

wy(C;) = log(fi(C;) + 1.0) - log f]LV+J6%5

(3)

wi(C5) =log(fi(C;) + 1.0) - log fiV;B.lB
wheref;(C;) and f;(C;) are the frequencies of the text terms for interpreting thesne
topics C; and C; in the Ith news document (closed caption documefit)is the fre-
quency of thdth news document which the news topicsandC; occur in. The higher
value of the cosine similarit$(C;, C;) implies the stronger associati@{C;, C;) be-
tween the relevant news topic§ andC;.
The mutual similarity? (C;, C;) between the news topi€s; andC; can be defined

as:

p(Cz, CJ) (4)
p(Cy) - p(Cj)
wherep(C;, C;) is the co-ocurrence probability of the relevant news togicandC;
in the corpusp(C;) andp(C;) are the individual ocurrence probability of the news top-
ics C; andC; in the corpus. The underlying assumption behind the muiuzilasity
measurement (C;, C;) is that two news topics co-occur frequently if they are sgign
relevant. The higher value of the mutual similatityC;, C;) implies the stronger con-
textsY'(C;, C;) between the relevant news topi€s andC;.

Thus each news topic is automatically linked with multipiderant news topics
with the higher values of the inter-topic conteft$, -). A portion of our large-scale
topic network is given in Fig. 2, where the news topics areneated and organized
according to the strength of their associatidhi§, -). One can observe that such topic
network can provide a good global overview of large-scaleections of news videos
at the topic level and can precisely characterize the istieigness of the relevant news
topics, thus it can be used to assist users on making bettrrtsdecisions.

To integrate the topic network for supporting personaligilc recommendation, it
is very attractive to achieve graphical representationwashlization of the topic net-
work, so that the users can obtain a good global overviewrgélacale collections of
news videos at the first glance and make better search degisidhe interactive topic
network exploration and navigation process. Thus the Uyidgrtopic network visu-
alization techniques should be able to provide a good balaetween the local detalil
and the global context. The local detail is used to help useiss on the news topics
of interest in their current focus. The global context isdexkto tell the users where
the other relevant news topics are (i.e., which news topieg tan search for next step)
and their contextual relationships with the news topic mdhrrent focus, such global
context can suggest the new search directions effectiVélys supporting visualiza-
tion and interactive navigation of the topic network is batg a complementary and
necessary component for personalized news video reconatiendystem and it may
lead to the discovery of unexpected news videos and guidieithiee search directions
effectively.

Unfortunately, visualizing large-scale topic network i@ system interface with a
limited screen size is not a trivial task. To achieve moredaife visualization of large-
scale topic network, we have developed multiple innovagetniques: (a) highlighting

U(C;,C;) =log
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the news topics according to their interestingness scareallowing users to obtain
the most important insights at the first glance; (b) intégoahyperbolic geometry to
create more space for large-scale topic network visuaizatnd reduce the potential
overlappings via interactive exploration.

We have integrated both the popularity of the news topicgla@é@mportance of the
news topics to determine their interestingness scoresp@palarity of a given news
topic is related to both the number of TV news programs whalehdiscussed the given
news topic and the time length for the same TV news prograregort the given news
topic. If one news topic is discussed by more TV news prograimsiltaneously or
reported by the same TV news program repeatedly for a long, finbtends to be more
interesting in general. The importance of a given news tgpielated to its linkage
structure with other news topics on the topic network. If olegvs topic is related to
more news topics on the topic network, it tends to be moreestiang. For example, the
news topic for “roadside bond in Iraq" may strongly relate¢hte news topics of “gas
price increase" and “stock price decrease". Thus the istiagness scorg(C;) for a
given news topic”; is defined as:

em(ei) _ g—m(ei) etlei) _ o—t(ei) eklei) _ g—k(ei)

T TV ke § ek (5)

p(Ci) = A

" em(e) 1 e—m(ei) et(ei) + e—tlei)

wherel +n+~ = 1, m(c;) is the number of TV news programs which have discussed
or reported the given news topi¢; simultaneouslyt(c;) is the time length (days) for
the same TV news program to report the given news tGpicepeatedlyk(c;) is the
number of news topics linked with the given news to@icon the topic network. Such
interestingness scores can be used to highlight the masesiing news topics and
eliminate the less interesting news topics for reducingvtieal complexity for large-
scale topic network visualization and exploration.

Supporting graphical representation and visualizatiaheftopic network can pro-
vide an effective solution for exploring large-scale cdliens of news videos at the
topic level and recommending timews topics of interegb the users interactively for
assisting them to make better search decisions. Howegeralzing large-scale topic
network in a 2D system interface with a limited screen siza ¢hallenging task. We
have investigated multiple solutions to tackle this chajketask: (a) A string-based ap-
proach is incorporated to visualize the topic network withested view, where each
news topic node is displayed closely with the most relevantstopic nodes according
to the values of their associations. The underlying inbpiet contexts are represented
as the linkage strings. (b) The geometric closeness of ttws hapic nodes is related
to the strength of their inter-topic contexts, so that suetplical representation of the
topic network can reveal a great deal about how these nevisstape connected. (c)
Both geometric zooming and semantic zooming are integratedijust the levels of
visible details automatically according to the discernamgstraint on the number of
news topic nodes that can be displayed per view.

Our approach for topic network visualization has explofigderbolic geometry [8].
The hyperbolic geometry is particularly well suited for esting graph-based layout of
the topic network, and it has “more space” than Euclideanmgtxy. The essence of
our approach is to project the topic network onto a hypechaline according to the
inter-topic contexts, and layout the topic network by mapphe relevant news topic
nodes onto a circular display region. Thus our topic netwislalization scheme takes
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the following steps: (a) The news topic nodes on the topievorit are projected onto
a hyperbolic plane according to their inter-topic contdxysperforming curvilinear

component analysis (CCA), and such CCA process can be ebtaatomatically by

preserving the local inter-topic contexts between theht®iging news topic nodes on
the topic network, e.g., through minimizing the followinga function:

BUCY) = 5 30 0uld(CinCy) - T(C )P (6)

i=1 j>i

whereY(C;, C;) is the strength of the inter-topic context between the nepgsC;
andCj, the weight factorsr;; are chosen as a bounded and monotically descreasing
function to allow the CCA projection algorithm to preserte strong inter-topic con-
texts than of weak inter-topic contexts (i.e., preserving tontexts between neigh-
boring news topic nodes on the topic network), ad;, C;) is the location distance
between the news topics; andC; on the hyperbolic plane.

|XCi - XCj |

0(C;,C5) =2 - arctanh <|1 — Xc,chj|> (7)
where X, and X.; are the physical locations of the news topics on the hyperbol
plane. In our current experiments, the weigh facipgsare characterized by using a
sigmoid function:

oT(Ci,C5)
Oij = eT(Civcj) +1 (8)

Through CCA projection, our algorithm can precisely presethe local inter-topic
contexts, and the global geometry is also preserved eftdgtbecause the nearest
neighborhoods for the neighboring news topics are oveddp(b) After such context-
preserving projection of the news topic nodes is obtaineihdaré disk model [8] is
used to map the news topic nodes on the hyperbolic plane @idadisplay coordinate.
Poincaré disk model maps the entire hyperbolic space onfmpan unit circle, and
produces a non-uniform mapping of the news topic nodes ta@Ehdisplay coordinate.

4 Personalized News Video Recommendation

Because the same news topic may be reported many times iartfee BV news program
or be discussed simultaneously by many TV news programsifiareht broadcast
stations, the amount of the news videos under the same npigsctuld be very large.
Thus topic-based news search via simplely keyword matatnigng return large amount
of news videos which are relevant to the same news topic.dwceeuser’s information
overload, it is very important to develop new algorithms fanking the news videos
under the same news topic and recommending the most relesastvideos according
to their importance and representiveness scores.

The news videos, which are relevant to the given news topicare ranked ac-
cording to their importance and representiveness scoceghE given news topi¢’;,
the importance and representativeness sgr&”';) for one particular news videois

defined as:
e (@|Cy) _ p—o(x]Cj)

@0 1 o=o(@ICy) (9)

o(x[C) = ee™ ¥ + (1 - ¢)
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o(z;) = C-v(x|Cj) +v-r(z]C)) +< - q(2|C))

where( +v+¢ = 1, At is the time difference between the broadcast time for thergiv
news videar for the particular TV news program and the time for the usesuomit
their requestsy(z|C;) is the visiting times for the given news videofrom all the
usersy(x|C;) is the rating score of the given news videdrom all the usersq(z|C})

is the quality of the given news video.

We separate the time factor from other factors for news vide&ing because the
time factor is more critical than other factors for news wdanking (i.e., one topic can
be treated as the news because it is new and tell people whapjsening recently or
what is discussing recently) and most people may just wakidéev the most recently
reports for the given news topic. The qualityz|C;) is simply defined as the frame
resolution and the length of the given news videdf a news video has higher frame
resolution and longer length (be discussed for longer tithehould be more important
and representative for the given news topic.

After the users’ search goals (i.e., which are representetdebaccessed news top-
ics) are captured interactively, our personalized newswicecommendation system
can: (a) recommend top 5 news videos according to their itapoe and representa-
tiveness scores; (b) recommend other news topics of intendle topic network which
are most relevant to the accessed news topic and suggesathira future search di-
rections according to the user’s current preferences, avther accessed news topic is
set as the current focus (i.e., the center of the topic nédw(er) recommend the most
relevant online web news which are relevant with the accksses topic, so that the
user can also read the most relevant online web news; (djd¢oe user’s search his-
tory and preferences for generating more reliable pergmathtopic network to make
better recommendation in the future. Some experimentaltesare given in Fig. 3, and
one can conclude that our personalized news video recomatiensgystem can effec-
tively support multi-modal news recommendation from lasgele collections of news
videos.

5 Algorithm Evaluation

We carry out our experimental studies by using large-sadleations of news videos3(
TV news channels captur@d x 7 for more thar3 months). The topic network which
consists 0f4000 most popular news topics is learned automatically fromdesgale
collections of news videos. Our work on algorithm evaluatiocus on: (1) evaluating
the performance of our news topic detection algorithm asdssng the advantages for
integrating multi-modal information channels for newsitogetection; (2) evaluating
the response time for supporting change of focus in our Bystehich is critical for
supporting interactive navigation and exploration of éaggale topic network to enable
user-adaptive topic recommendation; (3) evaluating théopmance (efficiency and
accuracy) of our system for allowing users to look for someigalar news videos of
interest (i.e., personalized news video recommendation);

Automatic news topic detection plays an important role in personalized news
video recommendation system. Based on this observatiomlgorithm evaluation for
our automatic news topic detection algorithm focuses onpawing its performance



Hangzai Luo, Jianping Fan, Daniel A. Keim, and Shin’ichi Satoh
wsing BEIES|) News Story Player  MIIEIF| News Story Player

[

Fig. 3. Two examples for supporting personalized multi-modal newsecommendation.

difference by combining different information channels &mtomatic news topic de-
tection. We have compared three combination scenariosei@s opic detection: (a)
only the closed captions are used for news topic detectirthé closed captions and
the audio channel are integrated and synchronized for nepis tietection; (c) the
closed captions, the audio channel and the video channskaralessly integrated and
synchronized for news topic detection. As shown in Fig. #egrating multi-modal in-
formation channels (cross-media) for news topic deted#mnenhance the performance
of our algorithm significantly.

‘ Honly closed caption Mclosed caption & audio [lclosed caption, audio & video
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0.8 101

0.7

0.6

0.5

Fig. 4. The comparision results of our automatic news topic detectioalgorithm by integrat-
ing different information channels.

One critical issue for evaluating our personalized newswigtcommendation sys-
tem is the response time for supporting change of focus tblenateractive topic net-
work navigation and exploration, which is critical for supping user-adaptive topic
recommendation. In our system, the change of focus is ugegcfieving interactive
exploration and navigation of large-scale topic netwotie €hange of focuss imple-
mented by changing the Poincaré mapping of the news topiesiodm the hyperbolic
plane to the display unit disk, and the positions of the n@pgtnodes in the hyerbolic
plane need not to be altered during the focus manipulatibnsThe response time for
supporting change of focus depends on two components: @cdmputational time
T, for re-calculating the new Poincaré mapping of large-staéc network from a
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hyperbolic plane to a 2D display unit disk, i.e., re-caltinig.the Poincaré position for
each news topic node; (b) The visualization tifiefor re-layouting and re-visualizing
the new Poincaré mapping of large-scale topic network onligay disk unit.

Because the computational tirig may depend on the number of news topic nodes,
we have tested the performance differences for our systeast¢alculate the Poincaré
mappings for different numbers of news topic nodes. Thugapic network with4000
news topic nodes is partitioned infodifferent scales500 nodes,1000 nodes,2000
nodes3000 nodes3500 nodes and000 nodes. We have tested the computational time
T, for re-calculating the Poincaré mappings of different nemstof news topic nodes
when the focus is changed. From our experiments, we findhleatdmputational time
T, and the visualization tim&; are not sensitive to the number of news topics, and thus
re-calculating the Poincaré mapping and re-visualizaioarge-scale topic network
can almost be achieved in real time. Thus our system can gugipange of focus in
real time and achieve interactive navigation and explonatf large-scale topic network
effectively.

For a given news topic of interest (news topic that is acakssethe particular
user interactively), our system can further allow usersotaklfor the most relevant
news videos for the given news topic according to their intgpare and representative
scores. To evaluate the effeciency and the accuracy of agopalized news video
recommendation system, thenchmark metrincludesprecisionP andrecall R. The
precision P is used to characterize the accuracy of our system for fintiagmost
relevant news videos according to their importance andesgmtativeness scores for
the given news topic, and the recdtl is used to characterize the efficiency of our
system for finding the most relevant news videos accordintiheéd importance and
representativeness scores for the given news topic.

Table 1 gives the precision and recall of our personalizedsngdeo recommen-
dation system. From these experimental results, one carnabthat our system can
support personalized news video recommendation effégtibeis users are allowed to
obtain the most relevant news videos according to their itapee and representative-
ness scores for the requested news topic.

6 Conclusions

A novel framework is developed to support personalized ngdeso recommendation.
To allow users to obtain a good global overview of large-saallections of news
videos at the topic level, topic network and hyperbolic gl&zation are seamlessly in-
tegrated to achieve user-adaptive topic recommendathurs Uisers can obtain thews
topics of interestnteractively, build up their mental models of news needslgand
make better search decisions by selecting the visible nepiss directly. Our system
can further recommend the relevant web news, the new seaeadtions, and the most
relevant news videos according to their importance ancesgmtativeness scores. Our
experiments on large-scale collections of news videos pessded positive results.
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Table 1. The precision and recall for supporting personalized newsigleo recommendation.

news topics policy pentagon change dennis hastert matter

P/R 95.6% /97.3% 98.5% /98.9% 100% /99.2% 95.3% /88.3% 85.2% /85.3%

news topics  implant wedding haggard scandal ethic

P/R 90.2% /93.5% 96.3% /94.5% 96.5% /92.8% 96.6% /97.3% 93.3%495.6

news topics gate steny hoyer democrat safety investigation

P/R 95.9% /96.8% 96.5% /96.2% 96.3% /97.1% 94.5% /94.8% 93.3%9496.5

news topics  majority leader confirmation child tax reduction

P/R 99.2% /98.6% 93.8% /99.3% 94.5% /93.8% 91.3% /91.5% 98.5%496.9

news topics  secretary veterm ceremony beijing 2008 program

P/R 100% /98.8% 99.8% /99.2% 99.3% /96.6% 99.2% /97.3% 83.5% /90.2%

news topics honor vietham lesson teacher conduct

P/R 91.2% /93.5% 98.8% /96.7% 90.3% /91.6% 93.8% /94.5% 87.92%BU88.

news topics  minority indonesia president republican amish

P/R 100% /99.6% 96.8% /97.7% 100% /96.8% 91.6% /92.8% 99.5% /91.6%

news topics 0.]. sinpson trial money nuclear test china

P/R 95.6% /99.4% 90.5% /90.3% 100% /90.6% 100% /97.6% 97.3% /95.2%

news topics  john kerry military race north korea japan

P/R 100% /96.5% 100% /93.2% 100% /97.8% 100% /99.3% 98.5% /95.6%

news topics  election leadship  school gun shoot sex message

P/R 100% /95.5% 92.8% /90.3% 100% /96.7% 97.5% /98.2% 88.3% /87.6%
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