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Abstract

We proposemulti-modal story-orientedvideo summa-
rization (MMSS) which, unlike previous works that use
�ne-tuned,domain-speci�cheuristics,providesa domain-
independent,graph-basedframework.MMSSuncoverscor-
relation betweeninformationof different modalitieswhich
gives meaningful story-orientednews video summaries.
MMSScan also be appliedfor videoretrieval, giving per-
formancethat matchesthe besttraditional retrieval tech-
niques(OKAPIandLSI),with no �ne-tunedheuristicssuch
astf/idf.

1. Intr oduction and relatedworks

As moreandmorevideolibraries[9] becomeavailable,
videosummarizationis in greatdemandsfor enablingusers
to ef�ciently accessthesevideo collections. Most previ-
ouswork focuseson summarizinganentire videoclip into
a morecompactmovie to facilitatebrowsing andcontent-
basedretrieval [8, 4]. For story-orientedsummarization,
researchhasbeendonemainly underthecontext of multi-
documentsummarization[3] in the textual domain. Little
work hasbeendoneonstory-orientedvideosummarization
usingthemulti-modalinformation.

Identifying footagesof thesameevolving story is dif�-
cult. Broadcastnews productioncommonlyshows a small
iconbesideananchorpersonto representthestoryonwhich
theanchorpersonis reportingat thetime[1]. Thesameicon
is usuallyreusedlater in theshotsaboutthe follow-up de-
velopmentof thestory, asanaid for theviewersto link cur-
rentcoverageto pastcoverage.We call theseicons“news-
logos”, andtheassociatedstorieslogostories. Theproperty

�

Supportedby the NSFunderGrantsNo. IIS-0121641,IIS-0083148,
IIS-0113089, IIS-0209107, IIS-0205224, INT-0318547, SENSOR-
0329549,EF-0331657,IIS-0326322,andby the PennsylvaniaInfrastruc-
tureTechnologyAlliance(PITA) GrantNo. 22-901-0001.

�

Supportedby thePost-doctoralFellowshipProgramof KoreaScience
andEngineeringFoundation(KOSEF).

of logosmakesthema robust featurefor linking separated
footagesof astory.

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

Thepaperis organizedasfollows. Section2 introduces
theproposedmethod,MMSS. Sections3 presentsourexper-
imentalresultson two applications,namely, story-oriented
video summarizationand video retrieval. Section4 con-
cludesthepaper.

2.Proposedmethod: Videomining with MMSS

MMSSintroducesa generalframework for mining the
cross-modalcorrelationsamongdataof differentmodalities
(frames/terms/logos)in videoclips. Thefoundcross-modal
correlationsarethenusedfor story-orientedsummarization
andvideoretrieval.

Thedatasetweusedin thiswork is theTRECVID 2003
[7] dataset. Thedatasetis a collectionof news programs.
Eachnews programis broken into shots,eachof which is
associatedwith a keyframeand transcriptwords. For the
words,wekeeponly thenounsand�lter out thestopwords.

In our experiments,logos are identi�ed and extracted
from theshotkeyframes,usingoff theshelfalgorithmsfor
iconic matching[1, 2]. Figure1 shows thekeyframesand
theassociatedwordsof threelogosin theCNN news from
theTRECVID 2003dataset.

Observation 1 Logosproviderobustvisualhintsandhelp
alleviatetheproblemsof trackingshotsof a samestory.

Ourgoalis to exploit thelogos,to facilitatevideomining
tasks.Particularly, we focuson the following two applica-
tions:



winter olympics
nagano ceremony
night round compe-
tition result headline
news superticker
medalwatch headline
news superticker
result

money trie source
lawyer house intern
monica informa-
tion counsel starr
immunity learned
starr

arab league secre-
tarygeneralstrike iraq
reaction arab brent
sadler report iraqi
presidentsaddamhus-
sein kind sentiment
attack

(a) “Winter Olympics” (b) “Lewinsky” (c) “Iraq”

Figure 1. News logos

� (Story summarization)How do we generatehigh-
quality textualandvisualsummariesof astory?

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

In addition,we want to performthe above two tasksin a
principledway, that is, usingthesameframework for both
tasks,integratingall multi-modalsourceseasily, with nopa-
rametertuning.

Graph
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We integrate the information of shot-
word co-occurrencewith thelogo informationinto a graph
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. Thegraph
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is a three-layergraphwith 3
typesof nodesand2 typesof edges.The3 typesof nodes
arelogo-node, frame-nodeandterm-node, correspondingto
thelogos,keyframes(eachrepresentinga shot),andterms,
respectively. The2 typesof edgesaretheterm-occurrence
edgeandthe“same-logo” edge.Figure2 showsanexample
graph
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with 2 logo-nodes�
	���
�	���� , 5 frame-nodes
�����

�������
������ , and10 term-nodes�����

�������
����! �� . The term-
occurrenceedgesare the solid lines, andthe “same-logo”
edgesarethedottedlines.

A logo-node 	#" is connectedto a frame-node�
$ by a
“same-logo”edge,if the logo %�&�	#"(' appearsin the frame

%�&��
$

' . A frame-node�
$ is connectedto a term-node��) by

aterm-occurrenceedge,if theterm %�&*��)�' occursin theshot
whosekeyframeis %�&��

$
' .

For logo story summarizationand video retrieval, the
essentialpart they shareis to selectobjectspertainingto
a query object. In logo story summarization,framesand
termsformingthesummaryareselectedbasedontheir“rel-
evance” to the query object, the logo(-node)of the story.
As for video retrieval, we rank and selectvideo shotsby
their “relevance”to thesetof queryterms.With thegraph
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, we can turn the problem of computing “rele-
vance”with respectto thequeryobjects,into arandomwalk
on thegraph
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, aswe show next.
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Figure 2. (The MMSS graph
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) Three
types of nodes, and two types of edges: logo­
nodes 	�" 's, frame­nodes ��" 's and term­nodes

�!" 's; “same­logo” edges (dotted) and the term­
occurrence edges (solid).

Random walk with restarts (RWR) In this work, we
proposeto userandomwalk with restarts(“RWR”) for esti-
matingtherelevanceof node“ , ” with respectto 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 choosesrandomlyamongthe
availableedges,with onemodi�cation: beforehe makesa
choice,he goesback to node“ - ” with probability . . Let

/10

&*,�' denotethe stationaryprobability that our random
walker will �nd himself at node“ , ”. Then, /�0

&*,�' is what
we want, the relevanceof “ , ” with respectto “ - ”, andwe
call it theRWRscoreof “ , ” (with respectto “ - ”). Theintu-
ition is that if therandomwalker who restartsfrom - (with
probability . ) hashigh chanceof �nding himselfat node, ,
thennode , is closeandrelevant to - . DetailsaboutRWR
canbefoundin [5].

To useRWR to summarizea logo story %�&�	#"(' , we set
therestartnode- bethelogo-node- = 	

" . Theframe(-node)s
andterm(-node)swith thehighestRWR scoresarethense-
lectedasthestorysummary. Similarly, for videoretrieval,
therestartnodesaresetto theterm-nodescorrespondingto
thequeryterms.Thequeryresultis theshots(frame-nodes)
with thehighestRWR scores.

3. Experimental Results

The experimentsare designedto answerthe following
questions:(a)Forvisualstorysummarization,how goodare
theshotsthatMMSSchooses?(b)For text storysummariza-
tion, how goodarethetermsthatMMSS chooses?(c) For
videoretrievalby text query, how well doesMMSScompare
to successfulexisting text retrieval methods,like OKAPI
andLSI?

We shouldemphasizethatOKAPI andLSI canonly an-
swer queriesof the form “given a query word, �nd rele-



vant video shots”. Our MMSSmethod,being modality-
independent,can answerany type of query, like “given a
shot(without a logo), �nd thebestlogo for it”; or “givena
logo, �nd thebestshotsand/ortermsfor it”.

In our experiments, we follow the guidelines from
[6] and set the restartprobability . = � � ��� for our 3-layer

� �������

graph.

3.1 Story summarization

Rank1 Rank2 Rank3 Rank4 Rank5

Rank6 Rank7 Rank8 Rank9 Rank10

Rank11 Rank12 Rank13 Rank14 Rank15

Rank16 Rank17 Rank18 Rank19 Rank20

Rank21 Rank22 Rank23 Rank24 Rank25

Rank26 Rank27 Rank28 Rank29 Rank30

Figure 3. (Visual summar y of logo “Iraq”)
Frames are sor ted (highest score �r st).

MMSSsummarizesnews-logostoriesusing the frames
andtextswhichhavehighRWR score.Figures3 showsthe
top 30 framesselectedby MMSSfor the logo “Iraq”. The
top 7 framesarethe framesof logo “Iraq” detectedby the
iconic matching.Theseframesarerankedhigh,simply be-
causethey areconnecteddirectly to the restartlogo-node.
Interestingly, MMSSfoundextra logo frames(e.g. thelogo
frameranked16)missedby theiconicmatching.MMSSse-
lectsinformative framesaboutthe logo story, wherefaces
of the major playersare easily seen. For example, Ko�
Annanappearsin therank9 frame. Frameswhich contain
importantinformationin the form of overlaid text arealso

selected,asshown in the framesranked ��� -th and ��� -th -
the“Crisis in theGulf”- onwhichcurrentdevelopmentsare
summarized.We emphasizethat the informationof over-
laid text is importantandmaynotbeavailableto thetextual
retrieval methods,for they arerarelyfully mentionedby the
anchorpersonandarenot in thetranscript.Otherlogosper-
tainingto thelogo“Iraq” arealsodetectedandselected,for
example,the “Yeltsin” logo at rank 14 and the “Canada-
Iraq” logoat rank29.

Observation 2 (Visual summaryby MMSS)MMSSsum-
marizeslogo storiesby selectingrelevant framesfrom the
newsvideocollections. Speci�cally, MMSSselectsframes
(a) of persons,objects,activities which are signi�cant to
thestory; (b) of meaningfuloverlaid text; (c) which contain
the “seed” logosbut are missedby the“iconic matching”
technique;(d) of otherrelevantlogos.

Table 1 shows the terms selectedby 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. MMSSalsopicksmeaningfulframesfor the logo sto-
ries “Winter Olympics” and “Lewinsky”, but the selected
framesarenot shown dueto the pagelimit. Detail results
canbefoundin [5].

Story Summarizingterms

“Winter
Olympics”

winter medalgold stateskier headlinenews result su-
perticker olympicscompetitionnaganoceremony watch
night roundgameteamsportweatherphotowomanthat
todaycanadabronzeyearhomestormcoverage

“Lewinsky” houselawyer internginsburg starrbill whitewatercoun-
sel immunity presidentclinton monicasourceinforma-
tion money trie learnediraq todaystateagreementcoun-
try clientweaponforcenationinspectioncourthouseger-
many support

“Iraq” iraq ministerannanko® effort baghdadreportpresident
arabstrike defensesudaniraqi todayweaponsecretary
talk schoolwindow problemtheredeskpeterstudentsys-
temdamageapartarnettalbrightsecretarygeneral

Table 1. (Textual summar y by MMSS) Terms
are sor ted (highest score �r st).

3.2 Video retrieval

In thetaskof videoretrieval, we aregivena query(aset
of terms),thegoal is to retrieve shotswhich aremostrele-
vantto thequery. In otherwords,we wantto rankall shots
accordingto their“closeness”to thesetof querywords.The
queriesusedin our experimentsare: � ``lewinsky'' � ,



Rank1 Rank2 Rank3 Rank4 Rank5

Rank1 Rank2 Rank3 Rank4 Rank5

Rank1 Rank2 Rank3 Rank4 Rank5

Figure 4. Keyframes of the top 5 shots re­
trie ved by MMSS (top row), OKAPI (mid­
dle row) and LSI (bottom row) on quer y

� ``lewinsky'', ``clinton'' � . Frames
are ranked (highest score �r st).

� ``clinton'' � , � ``lewinsky'' , ``clin-
ton'' � , � ``annan'' � , � ``iraq'' � , � ``annan'' ,
``iraq'' � , � ``olympics'' � , � ``white'' ,
``house'' , ``scandal'' � .

Sincethedatasetwe usedoesnot have groundtruth for
any query, wedonotreportthestandardprecisionandrecall
measures.Instead,we inspectthe result by humanjudg-
ment. We leave theprecision/recallexperimentsto the fu-
tureworks.

Wenoticethatashotwhichcontainskeywordsto aquery
is not necessarilya shotwith meaningfulcontentaboutthe
query. For example,a “teaser”in the beginningof a news
broadcastintroducesall headlinenews and is full of key-
words. However, a teaseris usuallyaccompaniedwith the
anchorshotsand doesnot have meaningfulsceneshots.
Traditional textual retrieval methodsare likely to retrieve
teaser-styleshots.On theotherhand,MMSSis unbiasedto
theteasers,aswe show next.

MMSSsuccessfullyranksrelevantshotsto thetopof the
list, asshown in Figure4. The frontal view of the major
playersrelatedto thequeryis at the top of the list, for ex-
ample,Starrat rank 1 andMonica at rank 4. In addition,
MMSSavoids the news “teasers”while OKAPI and LSI
ranktheteasershotswith highscores.For example,in Fig-
ure4, the rank1 shotchosenby OKAPI (middle row) and
therank5 shotchosenby LSI (bottomrow) arebothteaser
shots.

Observation 3 (OKAPIandLSIarebiasedto teasershots)
Textual retrieval methodssuch as OKAPI and LSI prefer
teasershots,for example, the “headlinespreview” at the
beginning of news programs, due to the many keywords

thenewsanchors mentionedin thoseshots.Unfortunately,
theseteasersare notmajorshotsof storycontent.

4. Conclusions

We proposeMMSSfor story-orientedmulti-modalvideo
summarizationand cross-modalitycorrelation discovery.
MMSSencodesboth the textual andsceneinformation,as
well aslogoswhich link shotsof a story, asa graph. The
randomwork with restarts(RWR) stationaryprobability is
usedto obtain a story-speci�c relevanceranking among
the termsandshot keyframes. We report experimentson
theTRECVID 2003dataset,for two applications,namely,
story-orientedsummarizationandvideo retrieval. Our ex-
perimentsshow thatMMSSis effectiveandgivesmeaning-
ful summaries. Moreover, MMSSmatchesthe best tex-
tual information retrieval methodson video retrieval; in
fact, it sometimesdoesbetter, becauseit avoids the news
“teasers”(Observation3). Unlikethetextualretrievalmeth-
ods,MMSSachievesthesewith no sophisticatedparameter
tuning,andnodomainknowledge.
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