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Abstract

We propose multi-modal story-orientedvideo summa-
rization (MMSS)which, unlike previous works that use
ne-tuned, domain-speci cheuristics,providesa domain-
independengraph-basedramevork. MMSSuncoverscor-
relation betweerinformation of different modalitieswhich
gives meaningful story-oriented news video summaries.
MMSScan also be appliedfor videoretrieval, giving per
formancethat mattesthe besttraditional retrieval tech-
nigues(OKAPIandLSI),with no ne-tunedheuristicssuc
astf/idf.

1. Intr oduction and relatedworks

As moreandmorevideolibraries[9] becomeavailable,
videosummarizations in greatdemandgor enablingusers
to ef ciently accesghesevideo collections. Most previ-
ouswork focuseson summarizingan entire videoclip into
a more compactmovie to facilitate browsing and content-
basedretrieval [8, 4]. For story-orientedsummarization,
researcthasbeendonemainly underthe context of multi-
documentsummarizatior{3] in the textual domain. Little
work hasbeendoneon story-oriented/ideo summarization
usingthemulti-modalinformation.

Identifying footagesof the sameevolving storyis dif -
cult. Broadcashews productioncommonlyshavs a small
iconbesideananchorpersoto representhestoryonwhich
theanchorpersoris reportingatthetime[1]. Thesamecon
is usuallyreusedaterin the shotsaboutthe follow-up de-
velopmenbf the story, asanaid for theviewersto link cur-
rentcoverageto pastcoverage.We call theseicons” news-
logos', andtheassociatedtorieslogo stories Theproperty
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of logosmakesthema robustfeaturefor linking separated
footagesof astory.

In this paper we proposea method,MMSS to gener
ate multi-modal summaryof a logo story MMSSinte-
gratesmulti-modal (visual/tectual) information, treatingit
in a uniform, modality-independerftashion,with no need
of parametetuning. In fact, MMSSuncoverscross-modal
correlationwhich, not only gives good story summaries,
but alsovideoretrieval performancenatcheghebest nely
tunedtraditionalinformationretrieval techniques.

The paperis organizedasfollows. Section2 introduces
theproposednethod MMSS Sections3 present®urexper
imentalresultson two applicationsnamely story-oriented
video summarizatiorand video retrieval. Section4 con-
cludesthe paper

2.Proposedmethod: Videomining with MMSS

MMSSintroducesa generalframevork for mining the
cross-modatorrelationsamongdataof differentmodalities
(frames/terms/logosh videoclips. Thefoundcross-modal
correlationsarethenusedfor story-orientedsummarization
andvideoretrieval.

The datasetwe usedin thiswork is the TRECVID 2003
[7] dataset. The datasetis a collectionof news programs.
Eachnews programis brokeninto shots,eachof which is
associatedvith a keyframe and transcriptwords. For the
words,we keeponly thenounsand lter outthestopwords.

In our experiments,logos are identi ed and extracted
from the shotkeyframes,usingoff the shelfalgorithmsfor
iconic matching[1, 2]. Figurel shows the keyframesand
the associatedvordsof threelogosin the CNN news from
the TRECVID 2003dataset.

Obselrvation 1 Logosproviderobustvisual hintsand help
alleviatethe problemsof tracking shotsof a samestory,

Ourgoalisto exploit thelogos,to facilitatevideomining
tasks. Particularly, we focuson the following two applica-
tions:
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Figure 1. News logos

(Story summarization)How do we generatehigh-
quality textual andvisualsummarie®f a story?

(Videoretrieval) How canwe exploit the logos,to re-
trieve thevideoclips thatarerelevantto atext query?

In addition, we wantto performthe above two tasksin a
principledway, thatis, usingthe sameframework for both
tasksjntegratingall multi-modalsourcesasily with nopa-
rametertuning.

Graph We integrate the information of shot-
word co-occurrencavith thelogo informationinto a graph
. Thegraph is athree-layegraphwith 3
typesof nodesand2 typesof edges.The 3 typesof nodes
arelogo-nodeframe-nodeandterm-nodecorrespondingo
thelogos,keyframes(eachrepresenting shot),andterms,
respectiely. The 2 typesof edgesaretheterm-occurence
edgeandthe“same-lgo’ edge.Figure2 shavsanexample
graph with 2 logo-nodes , 5 frame-nodes
, and10term-nodes . Theterm-
occurrenceedgesare the solid lines, andthe “same-logo”
edgesarethedottedlines.
A logo-node is connectedo a frame-node by a
“same-logo”edge,if the logo appearsn the frame
. A frame-node is connectedo aterm-node by
aterm-occurrencedgei|f theterm occursin theshot
whosekeyframeis
For logo story summarizationand video retrieval, the
essentialpart they shareis to selectobjectspertainingto
a query object. In logo story summarizationframesand
termsformingthesummaryareselectedasedntheir“rel-
evance”to the query object, the logo(-node)of the story.
As for video retrieval, we rank and selectvideo shotsby
their “relevance”to the setof queryterms. With the graph
, we can turn the problem of computing“rele-
vance’with respecto thequeryobjectsjnto arandomwalk
onthegraph , aswe shaw next.
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Figure 2. (The MMSS graph ) Three
types of nodes, and two types of edges: logo-
nodes 's, frame-nodes 's and term-nodes

's; “same-logo” edges (dotted) and the term-
occurrence edges (solid).

Random walk with restarts (RWR) In this work, we
proposeo userandomwalk with restarts(* RWR') for esti-
matingtherelevanceof node" " with respecto therestart
node” . The“randomwalk with restarts”operatesasfol-
lows: to computethe relevanceof node“ " for node* ",
considera randomwalker that startsfrom node* ”. At
every time-tick, the walker choosesandomly amongthe
availableedgeswith onemodi cation: beforehe makesa
choice,he goesbackto node" " with probability . Let

denotethe stationaryprobability that our random
walker will nd himselfatnode* ”. Then, is what
we want, the relevanceof “ " with respecto “ ”, andwe
callit theRWRscoe of “ " (with respecto“ ). Theintu-
ition is thatif therandomwalker who restartdrom  (with
probability ) hashighchanceof nding himselfatnode
thennode is closeandrelevantto . DetailsaboutRWR
canbefoundin [5].

To use RWR to summarizea logo story , we set
therestarinode bethelogo-node = . Theframe(-node)s
andterm(-node)swvith the highestRWR scoresarethense-
lectedasthe story summary Similarly, for videoretrieval,
therestartnodesaresetto theterm-nodegorrespondingo
thequeryterms.Thequeryresultis the shots(frame-nodes)
with the highestRWR scores.

3. Experimental Results

The experimentsare designedto answerthe following
guestions(a) For visualstorysummarizationhow goodare
theshotshatMMSSchooses®h) For text storysummariza-
tion, how goodarethe termsthat MMSS chooses?c) For
videoretrieval by text query how well doesMMSScompare
to successfukxisting text retrieval methods,like OKAPI
andLSI?

We shouldemphasizéhat OKAPI andLSI canonly an-
swer queriesof the form “given a queryword, nd rele-



vant video shots”. Our MMSS method, being modality-
independentcan answerary type of query like “givena
shot(withoutalogo), nd thebestlogo for it”; or “givena
logo, nd thebestshotsand/ortermsfor it”.
In our experiments, we follow the guidelines from
[6] and setthe restartprobability = for our 3-layer
graph.

3.1 Story summarization

Rankl Rank2 Rank3 Rank4  Rank5

Rank6 Rank?7 Rank8 Rank9 Rank10
Rankl1l Rank12 Rank13 Rankl14 Rank15
Rankl16 Rankl1l7 Rank18 Rank19 Rank20
Rank21 Rank22 Rank23 Rank24 Rank25
Rank26 Rank27 Rank28 Rank29 Rank30

Figure 3. (Visual summary of logo “Iraq”)
Frames are sorted (highest score r st).

MMSSsummarizesewns-logo storiesusing the frames
andtexts which have high RWR score.Figures3 shavs the
top 30 framesselectecby MMSSfor the logo “Irag”. The
top 7 framesarethe framesof logo “Iragq” detectedoy the
iconic matching.Theseframesarerankedhigh, simply be-
causethey are connectedlirectly to the restartlogo-node.
Interestingly MMSSfound extralogo frames(e.g. thelogo
frameranked16) missedby theiconicmatching.MMSSse-
lectsinformative framesaboutthe logo story, wherefaces
of the major playersare easily seen. For example, Ko
Annanappearsn therank9 frame. Frameswhich contain
importantinformationin the form of overlaid text arealso

selectedasshown in the framesranked -thand -th -

the“Crisis in the Gulf”- onwhich currentdevelopmentsre
summarized.We emphasizehat the information of over-

laid text is importantandmaynotbe availableto the textual

retrieval methodsfor they arerarelyfully mentionedy the
anchorpersoandarenotin thetranscript.Otherlogosper

tainingto thelogo“Iraq” arealsodetectecandselectedfor

example, the “Y eltsin” logo at rank 14 and the “Canada-
Iraq” logoatrank?29.

Obselwvation 2 (Visual summaryby MMSS)MMSS sum-
marizeslogo storiesby selectingrelevant framesfrom the
news video collections. Speci cally, MMSSselectsframes
(a) of persons,objects,activities which are signi cant to

thestory; (b) of meaningfubverlaid text; (c) which contain
the “seed” logoshut are missedby the “iconic matding”

technique;(d) of otherrelevantlogos.

Table 1 shaws the terms selectedoy MMSSfor sum-
marizing three logo storiesin Figure 1, namely “Winter
Olympics”, “Lewinsky” and“Iraq”. Togetherwith the se-
lectedframesin Figure 3, we found that MMSSsuccess-
fully selectmeaningfulframesandtermsfor the logo sto-
ries. MMSSalso picks meaningfulframesfor thelogo sto-
ries “Winter Olympics” and “Lewinsky”, but the selected
framesare not shovn dueto the pagelimit. Detail results
canbefoundin [5].

[ Story | Summarizingerms |

“Winter winter medalgold stateskier headlinenews result su-
Olympics” | perticler olympicscompetitionnagancceremon watch
night roundgameteamsportweathemphotowomanthat
todaycanadaronzeyearhomestormcoverage
houselawyer intern ginshurg starrbill whitewatercoun-
selimmunity presidentclinton monicasourceinforma-
tion money trie learnedraqtodaystateagreementoun-
try clientweaporforce nationinspectiorcourthousger
mary support

irag ministerannanko® effort baghdadreportpresident
arabstrike defensesudaniragi today weaponsecretary
talk schoolwindow problemtheredeskpeterstudensys-
temdamageapartarnettalbrightsecretarygeneral

“Lewinsky”

Traq”

Table 1. (Textual summary by MMSS Terms
are sorted (highest score r st).

3.2 Videoretrieval

In thetaskof videoretrieval, we aregivena query(aset
of terms),the goalis to retrieve shotswhich aremostrele-
vantto thequery In otherwords,we wantto rankall shots
accordingo their“closeness'to thesetof querywords. The
queriesusedin our experimentsare: lewinsky" ,
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Figure 4. Keyframes of the top 5 shots re-

trieved by MMSS (top row), OKAPI (mid-
dle row) and LSI (bottom row) on query
“lewinsky", “clinton” Frames
are ranked (highest score r st).
“clinton” , “lewinsky" , “clin-
ton" , annan" , irag" , annan"
“irag" , ““olympics” , “white" ,
“house" , scandal"

Sincethe datasetwe usedoesnot have groundtruth for
ary query we donotreportthestandargrecisionandrecall
measures.Instead,we inspectthe result by humanjudg-
ment. We leave the precision/recalexperimentsto the fu-
tureworks.

We naoticethatashotwhich containskeywordsto aquery
is not necessarilya shotwith meaningfulcontentaboutthe
qguery For example,a “teaser”in the beginning of a news
broadcasintroducesall headlinenews andis full of key-
words. However, ateaselis usuallyaccompanieavith the
anchorshotsand doesnot have meaningfulsceneshots.
Traditional textual retrieval methodsare likely to retrieve
teaserstyle shots.On the otherhand,MMSSis unbiasedo
theteasersaswe shav next.

MMSSsuccessfullyanksrelevantshotsto thetop of the
list, asshawn in Figure4. The frontal view of the major
playersrelatedto the queryis at the top of thelist, for ex-
ample,Starrat rank 1 and Monica at rank 4. In addition,
MMSS avoids the news “teasers”while OKAPI and LSI
ranktheteaseshotswith high scoresFor example,in Fig-
ure4, therank 1 shotchosernby OKAPI (middlerow) and
therank5 shotchoserby LSI (bottomrow) arebothteaser
shots.

Observation 3 (OKAPlandLSlare biasedto teasershots)
Textual retrieval methodssud as OKAPI and LSI prefer
teasershots,for example the “headlines preview” at the
beginning of news programs, due to the many keywords

the news anchors mentionedn thoseshots. Unfortunately
theseteases are not major shotsof storycontent.

4. Conclusions

We proposeMMSSfor story-orientednulti-modalvideo
summarizationand cross-modalitycorrelation discovery.
MMSSencodesoth the textual and sceneinformation, as
well aslogoswhich link shotsof a story, asa graph. The
randomwork with restarty RWR) stationaryprobability is
usedto obtain a story-speci c relevance ranking among
the termsand shot keyframes. We report experimentson
the TRECVID 2003dataset,for two applicationsnhamely
story-orientedsummarizatiorandvideo retrieval. Our ex-
perimentsshav that MMSSis effective andgivesmeaning-
ful summaries. Moreover, MMSS matchesthe best tex-
tual information retrieval methodson video retrieval; in
fact, it sometimesdoesbetter becauset avoids the news
“teasers’(Obsenation3). Unlikethetextualretrieval meth-
ods,MMSSachieresthesewith no sophisticategharameter
tuning,andno domainknowledge.
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