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MediaMill: Video Searchusinga Thesaurusof 500
MachineLearnedConcepts

CeesG.M. Snoek,Marcel Worring, Bouke Huurnink, Jan.C. van Gemert,
KoenE.A. van de Sande,DennisC. Koelma,andOrk de Rooij

Abstract— In this technical demonstration we showcase the
curr ent version of the MediaMill system, a search engine that
facilitates accessto news video archives at a semantic level.
The core of the system is a thesaurus of 500 automatically
detected semantic concepts.To handle such a large thesaurus
in retrieval, an engine is developed which automatically selects
a set of relevant conceptsbasedon the textual query and user-
speci�ed example images.The result set can be browsed easily
to obtain the �nal result for the query.

Index Terms— Semantic indexing, video retrieval, information
visualization.

I . INTRODUCTION

Most commercial video searchenginessuch as Google,
Blinkx, andYouTubeprovideaccessto their repositoriesbased
on text as this is still the easiestway for a user to describe
an informationneed.The indicesof thesesearchenginesare
basedon the �lename, surroundingtext, social tagging, or
a transcript.This resultsin disappointingperformancewhen
the visual content is not re�ected in the associatedtext. In
addition,whenthevideosoriginatefrom non-Englishspeaking
countries,such as China or the Netherlands,querying the
contentbecomeseven harderasautomaticspeechrecognition
resultsare so much poorer. Additional visual analysisyields
more robustness.Thus, in video retrieval a recent trend is
to learn a lexicon of semanticconceptsfrom multimedia
examplesandto employ theseasentry points in queryingthe
collection.

Last year we presentedthe MediaMill 2005 video search
engine[1] using a 101 conceptlexicon [2] evaluatedin the
TRECVID benchmark[3]. For our current systemwe made
a jump to a thesaurusof 500 concepts.The items vary from
pure format like a detectedsplit screen, or a style like an
interview, or an object like a horse, or an event like an
airplane take off. Any one of thosebrings an understanding
of the currentcontent.The elementsin sucha thesaurusoffer
usersa semanticentry to video by allowing themto queryon
presenceor absenceof contentelements.For a user, however,
selectingthe right topic from the large thesaurusis dif�cult.
We thereforedevelopeda suggestionenginethat analyzesthe
textual topic, andpossibleimageexamplesgiven by the user,
to automaticallyderive themostrelevantconceptdetectorsfor
queryingthe video archive (seeFig. 1 andFig. 2).
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I I . THE MEDIAM ILL 2006 SYSTEM

The data�o w of the MediaMill 2006systemis depictedin
Fig. 1. We will now highlight its componentsin moredetail.
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Fig. 1. Overview of thedifferentprocessingstepsin theMediaMill semantic
video searchengine.

A. SemanticIndexing

For semanticindexing we proposedthesemanticpath�nder,
for detailssee[4]. First, it extractsfeaturesfrom thevisual[5],
textual,andauditorymodality. Thearchitectureexploits super-
vised machinelearningto automaticallylabel segmentswith
semanticconcepts.In the �rst steplearningis on the content
featuresonly. In the secondstep,the video is analyzedbased
on its styleproperties.Finally, semanticconceptsareanalyzed
in context, with the potential to boost index results further.
The resulting thesaurusof 500 semanticconcepts,covering
setting, objects, andpeople, is learnedbasedon the LSCOM
annotations[6] andthe 101 conceptsusedin our 2005engine
[2].

B. Topic Analysis

We map the richnessand subjectivity of semanticsin user
queries to conceptdetectorsavailable in our thesaurus.To
derive the most relevant conceptsfor a given user topic, we
�rst assignsyntacticcategoriesto groupsof wordsin theinput
text usinga chunkingalgorithm.We thenassigna grammatical
classi�cation to eachword by using a part-of-speechtagger.
From there, looking up each noun chunk in WordNet [7].
When a match has been found those words are eliminated
from further lookups.Thenwe look up any remainingnouns
in WordNet.Theresultis a numberof WordNetwordsrelated
to theinput text. Now thatboththeconceptsin thetext andthe
multimediaconceptdetectorsarerelatedto WordNet,we can
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Fig. 2. On the left an exampleof a queryfor shotsof a goal beingmadein a soccermatch,usingboth text andimageexamples,yielding soccerandgrass
asmost relevant concepts.Resultof the queryarevisualizedin the CrossBrowseron the right.

computethe semanticdistancebetweenthe textual concepts
and the multimediaconcepts.We useResnik's algorithm [8]
which calculatesthe similarity of a conceptto eachof the
WordNet nounsfrom the query text. Basedon the combined
scoreswe rank eachmultimediaconceptdetectorin order of
expectedutility.

C. Image Classi�cation

Concept suggestionbasedon query image analysis �rst
extractsvisual features[5]. Basedon the featureswe predict
for eachimageaconceptusingpre-learnedvisual-onlymodels.
Ratherthanselectingthe conceptwith maximalscore–which
areoften the most robust but also leastinformative ones,e.g.
people, face, outdoor – we selectthe model that maximizes
the probability of observingthis imagegiven the concept.To
compute,Bayes' theoremis appliedusing training set statis-
tics. Hence, we prioritize less frequent, but discriminative,
conceptswith reasonableprobability scoresover frequent,but
lessdiscriminative, conceptswith high probability scores.

D. RankCombination

We offer usersseveral possibilitiesto combinethe various
ranked lists. They canemploy standardcombinationmethods
suchasmin, max,sum,andproduct[9]. In addition,they may
specifythat someconceptsaremoreimportantthanothersby
addingweightsto individual concepts.

E. Browsingthe Result

The result of conceptsuggestion,the subsequentconcept
queriesand their combinationyields a ranked list of shots.
To aid humaninterpretationin exploring this resulttheCross-
Browser visualizesthe ranked list (vertical axis) versusthe
time (horizontalaxis)of theprogramcontainingtheshot.The
two dimensionsare projectedonto a sphereto allow easy
navigation. It also enhancesfocus of attentionon the most

importantelements.Remainingelementsare still visible, but
muchdarker (seeFig. 2).

I I I . DEMONSTRATION

We demonstratesemantic exploration of news video
archives with the MediaMill system.We will show how a
thesaurusof 500conceptscanbeexploitedfor effective access
to video at a semantic level. In addition, we will exhibit
novel browsers that presentretrieval resultsusing advanced
visualizations.Takentogether, thesearchengineprovidesusers
with semanticaccessto news video archives.
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