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Abstract

Recent research in video retrieval has shown that correctly rchogh-level feature
detectors are able to improve retrieval performance. Thisnaéisated us to design and
implement a system to deduce the correct high-level featura fuery with WordNet
(reported in our paper submitted to CIVR 06); however, through our erperiin
building this system, we realize that the WordNet is stifiited in terms of both the
synsets and the relations it contains. Therefore, in this projecgfime and expand the
WordNet using a two-phrase algorithm with a number of resourcesudinals on this
version of WordNet show that 1) it contains more useful synseteetattbns 2) it can be
used to perform high-level feature deduction better agreed by humaesjadd 3) it
yields good improvement on the retrieval performance when ineebraith the NUS

PRIS video retrieval system.
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[.2.4 Knowledge Representation Formalism
[.2.6 Learning
[.2.7 Natural Language Processing
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Refining and Expanding WordNet for video retrieval Introduction

Chapter 1 Introduction

Traditionally, video retrieval has been largely based on textualiggsn, ASR
(Automatic Speech Recognition) and CC (Close-Caption). These soafces
information have been proved useful especially for retrieving negeos with
specific entities since the information of such entities aneallys directly
available in the sources; however, one major shortcoming of dtleofi is that
they are unable to describe all the semantic concepts in the Vides makes it
very difficult to retrieval videos with no specific entities besa general entities,
despite the fact that they appear frequently in video, are uswoellydirectly

available in all those sources.

As a solution to this problem, detectors for semantic conceptslgighfeatures)
come into the picture. In the year 2002, TREC video track (TRECVID, 2002)
included high-level feature extraction as one of its three maks.t&ince then
more and more research effort has been made to build detémtdrigh-level
features. One of such effort is the LSCOM annotation (LSCOMgsaarch
effort to build detectors for around 200 high-level features. In 200%ist€l and
Hauptmann, 2005) proved that if the high-level features are chosentlyoioe a
text-based video query, they generally help in improving the retrieval

performance of a video search.

A natural question that follows is how we can find the relevant leigtl features

for a query. Our solution to this is to use WordNet and WordNetkSityi to
compute the similarity between the terms in the query and theipion of a
feature. The more similar they are, the more relevant we cortbieléeature is.

This approach has been implemented and shown to be useful in our previous work
(Neo, Zhao, Kan, and Chua 2006) submitted to CIVR 06. However, we have also
realized through this research that WordNet has a number gétlons, i.e.
insufficient synsets, insufficient relations, hidden information antit taurce of
information. All of them are the factors that limit the efGgaof WordNet in
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high-level deduction. This motivates us to refine and expand the WotdNet

make it more suitable for high-level feature deduction in video retrieval.

The approach we take is a two-phrase, semi-automatic processnimitinal
human intervention. The reasons why we have it are briefly explained as follows
1. Two important findings from our previous research are 1) indirectly

related high-level features are harder to deduce 2) the gfithe synsets
in WordNet is also a good source of information we should not ignore.
Therefore, in the first phrase, we refine the WordNet bgldgsifying the
synsets to make the distinction between the synsets which analgene
indirectly related to a query and the synsets which are dndnactly
related 2) building appropriate relations between the former anbhitier

based on the information from the gloss and other resources.

2. On the other hand, we have also realized through our previous research
that lots of information about real-life happenings is missingthe
WordNet. For example, there is no synset for “Hu Jintao”, who appears
very often in the news video nowadays. Therefore, in the second phrase,
we expand the WordNet to introduce addition synsets and relations based

on the information from a news corpus.

There are two major advantages of this approach: the firsh&daeis that in this
way, all the useful information is concentrated in the synsetsedattbns, which
make it much easier to perform high-level feature deduction. Hoend
advantage is that it alleviates the need to perform query egpansing other
sources of information because much of such information would have been

encoded into the WordNet through the expansion.

The rest of report is organized in this way:
Chapter 2 gives a review on the related works in the same @hegqter 3

examines the limitations of the current WordNet. Chapter 4 descrithe
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methodology we used for refining and expanding the current WordNetan. de
Chapter 5 focuses on the evaluations on the expanded WordNet with the
methodologies explained and the results listed and discussed. Adosiey
chapter for this report, Chapter 6 gives an account of the conclusidrawee

reached, followed by some possible directions for future work.
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Chapter 2 Related Work

This chapter presents a summary of the related works and utidedliinto four
sections. The first section is concerned with query processthgitgies in the
current video retrieval systems, followed by the second sectiochwion the
previous research effort on ontology building specifically for viddoaval. The
third section gives a review on the different attempts to exten@MordNet while

the resources we used in our project are introduced in the last section.

2.1 Query processing in the current video retrieval syiems

Query processing has been one of the most important components unrérd c
video retrieval systems. A number of systems like (Chug 2084) (Kennedy,
Natsev, and Chang, 2005) use a variety of resources like Wor@bdiegje News,
OKAPI, etc. to perform query expansion; however, there is velg Work on
processing the queries specifically for high-level feature ctemtu One of such
paper is (Snoek et al, 2005) in which they map the concepts of theeteatto
the synsets of WordNet manually. After the mapping, they calculze
similarity score between the concepts from the processed sgjuriethe ones
from the features and pick the one with the highest similadtye as the high-
level feature to be queried on. Our work is different from all ofaiheve in the
sense that 1) we target at high-level feature deduction spdlgifemd 2) we are
doing it in a more automated and reusable way, i.e. using a seniaed
methodology to refine and expand a current ontology that can be reusdid by

the systems.

2.2 Ontology building in the context of video retrieval

The previous efforts of ontology building in the context of video retribaak

been focusing on the video annotation. (Hollink and Worring 2005) proposes the
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four major requirement of a visual ontology for video annotation: Vigtali
Generality, General-Visual Relations and Interoperability. Agesitn this
research on the requirement of a visual ontology, there are alsovabhics
(Tsinaraki, Polydoros, Kazasis and Christodoulakis, 2005) (Tsinaraki,dro$/d
Moumoutzis and Christodoulakis) which aim to build a visual ontology by
integrating the existing framework like MPEG-7 and TV-anytimawever their
work emphasizes on the specification of the ontology without explicit
mentioning a way of building it.

2.3 Previous work on WordNet expansion

Ever since its birth in the 1990’s, WordNet (Miller G. 1995) has beelyi
used as a lexical database for all kinds of domains in informativieval,
however, due to the fact that WordNet is a general-purpose ontolagynat
possible for it to fit all kinds of domains equally well. Therefdhe, research of
how to enrich the WordNet has been an ongoing research area inatnéorm

retrieval.

In the context of text retrieval, (Bentivogli and Pianta, 2008)ickes the
WordNet with the idea of phrase sets; (Vossen and Piek, 2001) extends and trims
the WordNet for cross-lingual retrieval and multilingual ontologyldug;
(Mihalcea and Moldovan, 2001) works on enhancing WordNet both semantically
and logically and (Gangemi, Navigli and Velardi 2002) enhances Wonalitet

domain concepts.

In the context of video retrieval, besides proposing the requirerfuerasvisual
ontology, (Hollink et al, 2005) also demonstrates a design of such ontolsgy ba
on WordNet and MPEG-7. Their work is built upon the work by (Hoogs,
Rittscher, Stein and Schmiederer, 2003) (Stein, Rittscher and H20083),
which is also an extension to the WordNet for video retrieval.eSive aim to

perform high-level feature deduction instead of semantic annotatenlow
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2.4

level features like visibility, colors, material are not theirmmeaoncerns in our
version of WordNet, our refinement and expansion to WordNet is monpasi

and informative than theirs.

Resources used in our project

Harvard [V-4 Dictionary: The Harvard IV-4 dictionary (Harvard) is a
dictionary that list words according to their categories. Bample, in the
dictionary, “congress” is listed together with “democratint ather terms about
politics in the category “politics”. We use this dictionary decide which

category a concept belongs to.

AQUAINT Corpus: The AQUAINT corpus is a large text-corpus drawn from
three news resources: the Xinhua News Service (People's RepiuBhia), the
New York Times News Service, and the Associated Press WeddstNews
Service. It is generally used in official benchmark evaluatiomsducted by
National Institute of Standards and Technology (NIST) for tetxiekal. This
corpus is helpful in the sense that it provides information of tHdifeavhich

WordNet is lacking of.

LSCOM dataset: The LSCOM dataset is a comprehensive list of approximate
200 concepts that can be used for video annotation. This list givesug gowd
idea of what kinds of high-level features are being annotatectlhasvthe type
of links we should incorporate into the WordNet so that such high-leatlréss

can be deduced accurately.
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Chapter 3 Limitations of the current WordNet

3.1

3.1.1

In this chapter, we examine the problems in the current WoridNleé context of
video retrieval. Section 3.1 briefly introduces the limitationstloé current
WordNet based on our previous experience on using it for high-levelrdeat
deduction. Details of these limitations are then examined in deptle fioltowing

subsections.

Limitations in the current WordNet

Through our previous experience of using the WordNet for high-lewatlire
deduction, we have discovered that the WordNet is limited in the foltpfaur
ways:
1. The type of semantic relations encoded among the conceptsfrorfar
enough for high-level feature deduction;
2. Some concepts are not represented in WordNet;
3. Some information is hidden in WordNet;

4. The source of information of WordNet is rather static than dynamic.

Insufficient relations

In the current version of WordNet, the types of semantic relatoeded
include: antonym, hypernym/hyponym, holonym/meromyrd domain (topic,
region, usage)Among all these relations, tlgpernym/hyponynelation is the
most widely-used and most helpful for high-level feature deductiorubeatis

the backbone of the noun hierarchy which allows us to know what concapt is
kind of another concept. For example, when we want to search for $loatls a
“basketball players on the court”, we can limit our search to lloés sabout
“sports” because we can discover through higpernym/hyponymelations that

“basketball” is a kind of “sports”.
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However, this is almost all the information we can get frontthieent WordNet:

For high-level feature deductioantonym, holonym/meronyane not particularly
useful becausantonymis exactly opposite to what we are looking for while
holonym/meronyntends to give information that deviates from our original focus.
For the three types of domain pointdrpic is useful but it is far from complete

in the current WordNetregion mentions the location of a concept but the
location indicated is usually a country which is too broad to be helygfile
usageconcerns only on grammar hence it is not related to high-leature

deduction at all.

If we try to classify the type of high-level featureddiin the LSCOM dataset,
we can see that there are 5 major types of thepic (ex. politics, finances),
location/environment(ex. office, sky), subject/object/action(ex. firefighters,
plane, laughing). Therefore, in order to make an ontology usefilidgbrlevel
feature deduction for video retrieval, we suggest that the followypgs of
relations should be encoded:

1. Topic Whether concepf is in the domain defined by concept
Example: “U.S. President” is a topic in “Politics”.

2. Location/environmentWhether concepA usually appears/takes place in
the location/environment defined by concBpExample: “plane” usually
appears in the “sky” while “swimming” usually takes place in “water”

3. Subject/object/actianWhether concepf is a kind of concepB or they
usually appears together. Example: “fork” is a kind of “utensiliile
“fork” and “spoon” usually appears together.

In addition, given the fact that video is an audiovisual medium, we propose
encoding this relation as well.
4. Sound Whether concepfA makes the sound defined by concdpt

Example: “guitar” makes the sound “strum”.

One last relation to be encoded is the general releglated
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5. Related Whether concepa is related to concef with a relation that has
not been classified specifically. Example: “U.S. president” anelotGe
Bush”.

3.1.2 Missing concepts:

Although WordNet contains around 120000 concepts in its database, there are still
a number of concepts which are missing. This results in emptyaréaat results

when we try to obtain information from the WordNet about such concepse T

are two major types of such concepts: video terminologies and proper nouns.

Video terminology is the first type of missing concepts in WatdRor example:
the user may want to see a video clip which is a “closeup”pafracular person.
Instead, the concept of “closeup” defined in WordNet is in fact “a phapbg
taken at close range”, which is not really what the user meaenh he/she

specifies the query.

Proper noun concept is another type of missing concepts in WordNebught
WordNet does contain a number of proper noun concepts, those are not really
sufficient. For example, the concept “Hu Jintao” is not one of the prapers in
the WordNet; however, given the fact that he appears very fréguanthe

videos, he should be included in the ontology as well.

3.1.3 Hidden information:

A lot of useful information in the WordNet is in fact hidden in thesg of the
synset. Take the synset “boat” as an example, the gloss of/isist $s “a small
vessel for travel on water”. This provides good information on the
“location/environment” of the object “boat”. However, this piece oblimfation

is hidden in the gloss. In other words, in order to make use of sucmatfon,

we would have to dig it out from all other less related termsydirae we try to
perform high-level feature deduction. Therefore, it would be verpfiieif we



Refining and Expanding WordNet for video retrieval Limitations of the current VEordN

can extract such information and encode it explicitly into @hatiso that we can

save the time and trouble of digging such information every time.

3.1.4 Static source of information

The source of information for WordNet is relatively staticha sense that there
are very few changes or updates between editions of WordNetisTaliso one
important limitation of WordNet. The reason is that lots of thilggpen
everyday in the real life with new concepts and new relations eleetvihe
concepts emerging daily. If the source of information for aali®ntology is
static, very soon it would not be helpful to answer the querids thigé new
concepts. Therefore, besides a static source of informatiorbasea a dynamic
source of information should be included as well to keep the informationeapdat

10
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Chapter 4 Refining and Expanding the WordNet

4.1

This chapter gives an overview of the structure of the refened expanded
WordNet in Section 4.1 with the detailed methodology we used tdectkis
version of WordNet in Section 4.2.

Structure of the refined and expanded WordNet

In our version of WordNet, synsets are still classified basedheim part-of-
speech. In addition, the noun class is further classified into five tegjocees:
topic, subject/object/action, location/environment, sound and camera position.
Note that these five subcategories are not mutually exclusiveneenoun synset

can be in multiple subcategories at the same time.

In terms of the relations encoded, all the original relatioespagserved in the
refined and expanded WordNet, with the following type of pointers

added/enhancetbpic, location/environment, sound, related
The structure of the refined and expanded WordNet is described fiolltveing

diagram and more details on the synset categories and relat@esplained in

the next two subsections.

11

Refining and Expanding the WordNe
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Fig 4.1 Structure of the refined and expanded WordNe

4.1.1 Synset categories in the refined and expand&drdNet

Altogether there are five sub-categories for the noun synsets:

» Topic A synset in this category represents a concept that catopeaf a
video clip. Examples: “politics”, “sports”.

* Subject/object/actianA synset in this category represents a concept which
IS a subject or object or action. Examples: “firefigher”, “vediicl
“swimming”

» Location/environmentA synset in this category represents a concept which
can be a location or environment where certain things exist aaircert
actions take place. Examples: “sky” (for plane), “water” (for swinghi

e Sound A synset in this category represents a concept whichasradghat
can be produced by certain things or actions. Examples: “stioynduitar
or by strumming)

» Camera positionA synset in this category represents a concept which is a

description of a camera position relative to the video. Example: “closeup”

12
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4.1.2 Relations in the refined and expanded WordNet

Besides the relations in the original WordNet, the following setwypes of
relations have been added or enhanced in the refined and expanded WordNet:
* Domain of synset (topic)f synsetA is in the domain (topic) defined by
synsetB, the relationdomain of synset (topiagdxists fromA to B. This

relation is inheritable.

e Synset of domain (topiclf synsetA is the domain (topic) of synsB{ the
relationsynset of domain (topiexists fromA to B.

« Location/environment of synsét synsetA usually appears in or is executed
in the location/environment defined synseB, the relation
location/environment of synsedxists from A to B. This relation is
inheritable.

* Synset of location/environmenf synsetA is the location/environment in
which the concept defined by synd®texists or takes place, the relation
synset of location/environmeexists fromA to B.

e Sound of synsetf synsetA produces the sound defined by syrBethe
relationsound of synseixists fromA to B. This relation is inheritable.

* Synset of soundf synsetA is the sound produced by syn8etthe relation
synset of sounexists fromA to B.

* Related Synsetf synsetA is related to synsd but the type of relation is

not clear, the relatiorelated synsegxists fromA to B and fromB to A.

13
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4.2 Methodology for WordNet refinement and expansin

Our methodology for WordNet refinement and expansion is divided wdo t

phrases:

* Phrase | WordNet and dictionary-based refinementis a semi-automated
process in which we classify the synsets into the first fouradebories (all
except the camera position subcategory), add in the missing syosd¢he
subcategory camera postionand build first six types of the relgatirexcept
the related synsetelation). The resources used are WordNet, Harvard IV

dictionary and a list of video terminology.

» Phrase Il Corpus-based expansiotis a fully-automatic process in which we
introduce more synsets for proper nouns and builddlaed synsetelation
with a dynamic source of information. The resource used in thesehs the
AQUAINT Corpus.

The detailed steps described and explained in the two subsections that follow.

4.2.1 Phrase | WordNet and dictionary-based refinenmd

In phrase I, the synsets are first classified into these fidwasegoriestopic,
subject/object/action, location/environmearid sound Due to the fact that it is
not practical to exhaustively list down every synset for eachasedary, we
make use of the information in the original WordNet and the Harvard IV
dictionary to do a semi-automated classification. The actualhadetof

classification and the reason why we do it in this way are as follows:

 Topic: Any synset that contains aynset of domain (topicpointer is
considered to be in this category.
Reason: Although the synsett6pic’ exists in WordNet, there is no links to
the synsets that can be a topic from there. Therefore, wehesgriset of

domain (topic)pointer as an indication of whether a synset can be a topic.

14
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* Subject/object/action: Any synset which is d&yponymof the following
synsets is considered to be in this category: {act, actiowjtggt{animal,
fauna}, {artifact},{body, corpus}, {food}, {natural object}, {person, human
being}, {plant, flora}.

Reason: These 8 unique noun beginners encompass all types of
subject/object/actiorand hence we classify all ityponymsto be in this

category.

e Location/environment: In the Harvard V-4 dictionary, there is a category
for terms that are references to places, locations and routesebethem.
We map the terms which refer to actual location/environment fioah t
category into the synsets in the WordNet and classify thosgetsy into
Location/environmengubcategory.

Reason:There is in fact a unique beginner for “location, place” in Wor¢dNet
however, unlike the ones for thsubject/object/actioncategory, the
hyponymsof this synset include too many synsets that are referorent
abstract location or environment while a lot of synsets whichnaleed a
physical location or environment missing from there. For exantpke,
synset “office” is listed under “artifacts” but not “location, @4 On the
contrary, the terms listed in the Harvard IV-4 dictionary aoeenorganized
and comprehensive; therefore we decide to use the Harvard IVighdigt

as the source of information for this classification.

e Sound: Any synset which is ayponym of the following synsets is
considered to be in this category: “sound” -- sense 1,2 and 4.
Reason:There are altogether eight senses for the noun “sound”. Based on
the definition we have for the subcategagund we select three senses
(auditory effect, sensation of hearing and occurrence of audible event) out of
the eight to be the roots of this subcategory.

15
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As a second step, we add in the synsets for camera position whighssing in
the original WordNet. For this subcategory, we use a list ofinetogies for

camera position as guidance for the addition.

e Camera position: We create one synset for each of the terms in the list of
video terminologies for camera position.
Reason: Since there is no information about camera position in the
WordNet, the only way is to make use of the external information asich
the list of video terminologies for camera position.

In the end, we combine the information from the classification hadjloss of
WordNet to build relations among the synsets. This step can be further
decomposed four smaller steps:

1. We find out the adjective and adverb synsets that pertain®tthe noun
synsets in each subcategory by following thepertainym pointer
between adjective and noun and the derived pointer betweesdverb
and adjective. For example, we can get the adjective synset “political”
and the adverb synset “politically” for the noun synset “politisstause
“political” pertains to “politics” while “politically” is dewed from
“political”. Together with the noun synset itself, we have a cotaet of

indicator synsets for any given noun synset in each subcategory.

2. We then take out all the lemma from each indicator synset§ollowing
the previous example, we can get the words “politics”, “politicaid
“politically” as the indicators for the topic synset “politics”.

3. The third step for the relation building is to tag the glos with a part-

of-speech tagger (Infogistics, 2000) and filter out the stopwordgith a
stopword list of size 420 (Lextex, 2000)This step is to prepare the

16
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source of information, which is the gloss, for the matching and actual

relation building in step 3.

4. As the last step for the relation building, we scan throgh the
remaining terms in the gloss. If in the gloss of a synsét, there is a
term which is an indicator for a topic synsetB, we consider the
relation Domain of synset (topic) exists from A to B and the relation
Synset of domain (topic) exists from B to A. One such example is the
synset for “hustings” whose gloss contains the indicator “politi¢ié
activities involved in political campaigning, especially spemetking) for
the topic “politics”. We repeat this step for all three subcategories
(topic, location/enviroment and sound) and build the six types of

relations we need in phrase I.

At the end of phrase |, we have partially overcome some of th&atioms of
WordNet: i.e. insufficient relations and missing concepts. In ordefully

overcome all the limitations, we carry on with phrase Il, corpus-based espansi

4.2.2 Phrase Il Corpus-based expansion

The source of information we use in phrase Il is the AQUAINT carginis
corpus is relatively noisier than the gloss in the WordNet becdhisseade up of
millions of articles written by people from different backgrouhdthe light of
this, we use a restricted version of mutual information togethier WHIDF to

analyze the corpus.

A restricted version of mutual information

A basic version of mutual information only takes into account the number
of co-occurrence of two concepts in a sentence. We think this method is
not strong enough because even if two terms co-occur within the same

sentence, they may not be related at all. One of such exartplat “ex-
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president” and “Monday” co-occur in the sentence “Indonesia’'s ex-
President Suharto turns 77 on Monday”; however, there is no relation
between them at all. Therefore, in order to make the mutual iafam
more accurate, we restrict the type of mutual information et W look

at in the corpus.

The restricted version of mutual information takes into account are m
piece of information--sentence structure. Most of the English sestenc
contain three componentsubject, verband object together with some
modifiers for each component. Our idea is that the occurrence of two
terms are counted only when 1) they come from the same component or
modifier or 2) the components or modifiers they come from is ortleeof
following pairs:

* Subject& subject modifier

* Verb& verb modifier

* Object& object modifier

* Subject& verb

* Verb& object

Under this restricted version of mutual information, the co-occursence
counted are more accurate. Let’s take a look in the previous exah®le,
co-occurrence of “ex-President” and “Monday” is no longer counted
because “ex-President” comes from #ubject modifiewhile “Monday”
comes from theverb modifier however, the co-occurrence of “ex-
President” and “Suharto” is preserved as one comes fronsubgect

modifierand the other comes from thebject
In order to apply this version of mutual information, we tag the AQUAINT corpus

with a Part-of-Speech tagger which gives not only the Parpeé&h tags but

also the phrase and clause tags as well. With all the taganalyze the sentence

18
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structure, extract the key terms in each component and madlifierecord the

number of co-occurrences for each pair of terms.

After obtaining the pairs of terms and their number of co-occursemee classify
pairs into three categories: 1) pairs of proper noun 2) pairs ofaherard and 3)
a mix of proper noun and normal word. The reason why we make thisctoti
is that proper nouns are much less common than normal words; astathesul
counts for the pairs with at least one proper noun are also muclersthah the
ones with at lease one normal word; therefore, by clasgifiiem into three
category, we can in fact handle the counts in a relative wagaimhstf an absolute

way, which is more fair to the pairs with proper nouns.

These pairs are then further processed by modulating the countsT &#Dfg, in

which the counts of the pairs are discounted by the number of dautsterm
occurs in any pairs of terms. The pairs with low counts are thierefl and the
remaining ones are considered to be related, although how theyated is not

analyzed. This concludes the analysis part for phrase Il

The actual synset addition and relation building start right #feeanalysis. For
all the pairs of the terms, if any of the term is not in\WardNet yet, a synset is
created to represent this missing term (which is usually a&prajpun). Arelated
synsepointer is then created between the first synsets of both tddoms.t¢ time
constraint, no sense disambiguation is done here. We assume tlist thenget,

which is the most common meaning of a term, is correct.)

Phrase Il ends when all the synsets are added and relationsTbigilnot only
overcomes the limitation of insufficient relations and missing eptcit also
partially adds the dynamic element for the source of infoomaitn WordNet
since the AQUAINT corpus are made up of news articles whichridesthe
things that happen every day in the world. In order to fully oveecadnis
limitation, we suggest that phrase Il is repeated periodigatly some source of
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information similar to the AQUAINT corpus. In this way, tidormation of the
ontology is always up-to-date to cater for the ever-changeegl of the user in

the search of videos.
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Chapter 5 Evaluation

This chapter explains the evaluations we have done on the refidedxpanded
WordNet. An overview of all the evaluations is given in the firgitisa. The
details of the methodologies for the three evaluations are exglaiiee following

three sections with the result listed and discussed.

5.1 Overview of evaluation

In order to fully evaluate the efficacy of the extended WordiNethave designed

three sets of evaluations based on different methodologies:

In the first evaluation, we take a look at what synsets antioredehave been added
by examining the content of the refined and expanded WordNet. Tioigigectly
see how much more information has been included into the WordNet.

The second evaluation takes the idea of the human judges into the cdiasidera
We reuse the query and high-level feature relevance ranking amedtrom the
survey we conducted for the CIVR paper. This examines how well gieldel
feature deduction with the refined and expanded WordNet matchestiveith

thinking of the human judges.

Lastly, we have a retrieval-performance-based evaluationhvidiconcerned with
whether a video retrieval engine can benefit from using theecfand expanded
WordNet. We integrate the high-level feature deduction with diffeversions of
WordNet into the NUS PRIS video retrieval system to obtain thanMeverage
Precision (MAP) of the retrieval result and evaluate the efficacy frora.the

For all three evaluations, we make the comparison among the okigardNet, the
refined WordNet after phrase | and the refined and expanded WordN&itsoe
can clearly see the differences among them. We will tefdrese three versions of
WordNet as WNa, WNb and WNc respectively throughout this chapter.
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5.2 Relation-based evaluation

For the relation-based evaluation, we have picked a few terms fdose
examination based on 1) whether their relations have been enricbedtththe
expansion or 2) whether they are missing in the original WordNetalmit
introduced in the expanded version. For each of the terms, veriligs relations

with other terms which are introduced through the refinement and expansion.

The reason why we have this evaluation is that query expansion, artantpor
component of query processing, relies heavily on the existing syarsgt®lations

in the WordNet. Therefore, we devise this evaluation to show what kinds of synsets
and relations have been introduced in the refined and expanded WordNedréiere

some examples of the synsets and relations introduced:

Term WNb WNc
Top Loc Snd Related
president politics | nil nil Bill Clinton
basketball sports nil nil World Championship
twilight nil sky nil nil
Control tower nil airport nil nil
explosion (Action) nil nil explosion| shooting
(sound)
guitar art nil sound nil
Hu Jintao nil nil nil Communist Party,
Beijing
Condoleeza Rice nil nil nil adviser
National Security
Council

Table 5.1 Sample synset and relations in diffent version of WordNet
As we can see from the table, the synsets and relations missing in Widdedera
WNb and WNc. For example, the relation between “president” and ‘siliti

which is not present in WNa is introduced in WNb while the synsetliHiao,
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which is absent in WNa, is introduced in WNc and linked to “Commurasty’P

and “Beijing”.

In order to prove the efficacy of the WordNet, it is not enough just to show that how
many synsets and relations are added. Therefore, we haveaaled out two more
evaluations: one to see whether the refinement and expansion inthease
agreement of relevance ranking between the high-level featuretmedgystem

and the human judges; another one to see whether they actually impeove t

retrieval performance.
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5.3 Human-judges-based evaluation

In our previous research in the same area, we have conducteceyisunhich 12
participants were asked to rank a set of high-level featwesrding to their

relevance for each of the 8 search tasks selected from TRECVID 2005.

The feature set we used is made up of the following 24 features:
» Topic:anchorPerson, commercial, politics, sports, weather, financial
» Subject/object/actiorface, fire, explosion, car, U.S. f lag, boat, aircraft, map,
buildingExterior, prisoner; peopleWalking; peopleInCrowd
» Location/environmentwaterscape; mountain; sky; outdoor; indoor; disaster;

vegetation

The search tasks we used include:
1. Find shots of a graphic map of Iraq, location of Baghdad marked - not a
weather map

2. Find shots of one or more palm trees

w

Find shots of an office setting, i.e., one or more desks/tables and oraeor
computers and one or more people

Find shots of basketball players on the court

Find shots of a ship or boat

Find shots of Hu Jintao, president of the People's Republic of China

N o g &

Find shots of George Bush entering or leaving a vehicle (e.g.,vaar,
airplane, helicopter, etc) (he and vehicle both visible at the same time)
8. Find shots of something (e.g., vehicle, aircraft, building, etc) an Miith

flames and smoke visible

For each of the search tasks, the participant is asked to rankfethehfeatures

on a 5-point scale with 1 being very irrelevant and 5 being very relevant.
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We have also implemented a WordNet-based high-level feature dedsygiem
to produce relevance ranking for any set of features and seakh fBhe

algorithm of the system can be briefly describes as follows:

First of all, both the search task and the feature descriptiorntagged using a
Part-of-Speech tagger and the stopwords in them are filtered using astdisty
Then we expand the remaining terms in both sets by introducingléted terms
in WordNet. The third step is to assign a weight to each teredbasits part of
speech and the relation it has with the original term. As thetes, we calculate
the relatedness score between a search task and a feature with thia:formul
Sim_Lex(Q;, HLFy) = (Y Y Resnik(ty,t;))/(|Q;]+ HLF[))
tqey tpeHLE),

where Resnikgft;) is the Resnik measure from WordNet-similarity (Resnik 1995)
The final result is further normalized onto a 5-point scale sattiatomparable
to the ranking from the human judges. (For more details of theysuplease

refer to our paper in Appendix)

For this human-judge-based evaluation, we reuse the data ablfecte this
survey and compare them with the output of the same system widnediff

versions of WordNet.

The degree of agreement between the system and the human-judgesethég
weighted Kappa coefficient is shown in the following table:

WNa WNb WNc
1 0.077 0.252 0.228
2 0.200 0.219 0.293
3 0.002 0.002 0.003
4 0.152 0.08 0.068
5 0.092 0.111 0.111
6 0.081 0.086 0.086
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7 0.315 0.344 0.338
8 0.258 0.236 0.207
Average 0.147 0.166 (+11.2%)  0.171 (+16.3%)

Table 5.2 Agreement between the human judges and ghhigh-level feature deduction system

with different versions of WordNet

As we can see from the table, the average degree of agresreasured by the
Kappa coefficient increases in the order of WNa, WNb and then WINg .rdsult

confirms that the expanded WordNet helps the query processing serike that
it gives results that are better agreed by human judges; howeyean also see
that the difference in agreement can be quite significant fjuery to query and
the agreement values do not strictly followed the order in somleeofjueries.

After studying the difference between the results from tlséesy and the human

judges, we have found out a few reasons for this:

1. When there is no directly co-related high level feature, theeagent value
is lower. For example, for query 2, the feature “palm treeibispart of the
feature set in our system; therefore on average the agreeahests lower

than all other search tasks.

2. When the indirectly co-related high level feature is totalisconnected
from the key terms in the query, the agreement value is lower|fta
compare the result from query 2 and query 3, although there is noatirec
related high-level feature for both of them, the fact that “indd®rtotally
disconnected from “office” in any version of the WordNet makes th

agreement value in query 3 even lower.

3. The fact that no sense disambiguation is done has also lowered the
agreement value because any error in the meaning of the key, tence
occurred, are general passed along and amplified through the podcess

expansion. One such example is query 4, the term “court” is onectias a
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venue for sports while its default meaning for it is the venukefml issues.
Therefore the agreement values in WNb and WNc are lower than t

previous version because the terms introduced are not related to sports at all.
On seeing that on average the relevance rankings are beted dxy the human

judges, we proceed to the third evaluation -- retrieval perforeabased

evaluation to see whether the expanded WordNet helps in actual video retrieval.
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5.4 Retrieval-performance-based evaluation

As the last evaluation of our research, we look into whether tiredefind expanded
WordNet helps to improve the retrieval efficiency of a videaeesl system (NUS
PRIS).

The methodology we use for this evaluation is that we factor kixearece ranking of
the high level features into the score for each shot. For eatieco$hots in the
database, if it contains the high level feature which has a blghance ranking as
decided by the system, it will receive a higher bonus mark cadgarthe one that
contains no or a high level feature which has a lower relevanéeg. At the end of
the ranking, all the shots with a score greater than a threstelceported as the
relevant shots for the given search task. The accuracy of thf shots is then
measured with the ground truth from TRECVID 2005. For this evaluation, we
calculate the MAP over all the search tasks in TRECVID 2086.r&sult is listed in

the following table:

Technique used: MAP
Basedline: Heuristic weighting 0.104
Runl. Automated HLF query matching with WNa 0.110
(+5.7%)
Run2. Automated HLF query matching with WNb 0.113
(+8.6%)
Run3. Automated HLF query matching with WNc 0.115
(+10.1%)

Table 5.3 MAP of the baseline system with high-leVéeature deduction based on different

versions of WordNet

Although we only make use of WordNet to perform the query procegsiitigis part
of evaluation, we can already see from the result that theedefand expanded
WordNet is able to improve the MAP. In order to make these resuttparable to

the ones we obtained in our previous research, we have also put themeessing
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result from WNb and WNc into our integrated system which includesporal
mutual information and confidence rating for the detectors. Thetsesrd further

improved as listed in the following table:

Technique used: MAP
Baseline: Automated HLF query matching with WN8.113

+ Temporal Ml
Run4. Automated HLF query matching with WNb +0.118

Temporal Ml (+4.4%)
Run5. Automated HLF query matching with WNc +0.120
Temporal Ml (+6.2%)

Table 5.4 MAP of the integrated system with high-ieel feature deduction based on different

versions of WordNet

Based on figures in both tables, we can conclude that the refpierfatmances has
benefited from the refined and expanded WordNet. In addition to discovéeng
directly related high-level features, which can be done witlotiggnal WordNet, the
expanded WordNet is capable of discovering most of the indirectiiedehigh-level
features as well. This is fact has help to improve theexetriperformance of the

general and sport queries whose retrieval relies heavily on high-levetds.

Comparing with any other current strategy which in general imprake video
retrieval performance by 5% to 8%, we believe that our imprewmenis quite
competitive. Moreover, we also believe that the true potential ofumrdNet has not
been fully revealed due to the fact that the available high-fea#lire detectors are

limited in number as well as their accuracy and coverage.
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Chapter 6 Conclusion

As the closing chapter of this report, we briefly summarizet weahave done and the
conclusion we have reached through the research. In addition, we alsssdibout the

some possible directions for future research.

6.1 Summary of achievements and Conclusion

To summarize, in order to better associate a query with l@garé high level
features, we have used a two-phrase approach to refine and expandréideivith a
variety of information sources: In phrase |, we introduce and makeiexhe relations
between a term and itopic, location/environment@and sound In phrase Il, we

incorporate additional supports for proper noun and real life information.

The resulting WordNet is then evaluated with three sets tiatioms based on
different methodologies, namely, relation-based, human-judge-based armValetr
performance-based evaluation. In all three evaluations, we laéidated that the refined
and extended WordNet is better than the original version in the smais#) it makes
more relations explicit 2) it increases the degree of agreerbetween the query
processing result and the relevance ranking from the human j@digesmproves the

retrieval performance.

In conclusion, the limitations of WordNet can be overcome by inainpgr
information from different sources and the resulting WordNet issnefficient for high

level feature deduction.

6.2 Directions for future research

In addition to what we have done to refine and expand the WordNet, some directions

for future researches include:
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Sense disambiguationDue to the complex nature of sense disambiguation, in

our expansion process, we always use the first sense of the word whenever there
is a need to choose among all the senses. In future, sense disambiguation
techniques can be incorporated into the refinement and expansion process so that
the relation building can be more accurate.

Dynamic source of information: Another possible extension to our research is a
daily update to the refined and expanded WordNet using the news articles. In this
way the WordNet will always be updated and able to handle the new terms and

relations that come up every day.

Time axis: One shortcoming about keeping the source of information dynamic is
that things changes as time goes by. The terms and relations introduced today
may not be applicable for tomorrow. Therefore, just like the temporal mutual
information we proposed in our previous research, if we can extend the WordNet
by taking the time factor into consideration, the information would be a lot more

accurate as well.
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Appendix: The paper resulted from this project

As we mentioned in the report, we have implemented a system to perform high-leve
feature deduction, which becomes the motivation of this current work. The details and
evaluations of this system are reported in a paper we submitted to CIVR 06. A copy of
this paper is attached here for easy reference.
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Abstract. Recent research in video retrieval has focused on automiitgia-
level feature indexing on shots or frames. One of the most itapbapplication
of such indexing is to support precise video retrieval. Wioreon extensions of
this semantic indexing on news video retrieval. First, waagiextensive query
analysis to relate various high-level features and quenggdoy matching the tex-
tual description and context in a time-dependent manneor&k we introduce
a framework to effectively fuse the relation weights with tietectors’ confi-
dence scores. This results in individual high level featihat are weighted on a
per-query basis. Tests on the TRECVID 2005 dataset showshthatttove two
enhancements yield significant improvement in performaves a correspond-
ing state-of-the-art video retrieval baseline.

1 Introduction

News video retrieval systems often perform retrieval basézyson automatic speech
recognition (ASR) results on thadeo’s audio. This is because ASR, while not fully
accurate, is reliable and largely indicative of the topiwidkeos. Such a transformation
of the video retrieval problem into a text-based one has Bhewn to be effective [1].

To further increase the accuracy and resolution of videteretl requires analysis
and modeling of the video and audio content. The communigyitnestigated this in
part by developing specialized detectors that detect atekinertain high-level features
(HLFs; e.g., presence of cars, faces, buildings, etc). As,sasharch retrieval systems
incorporate both standard text-based information (from AfBR/or closed captions)
with results from an inventory of detectors designed to agpitlLFs. In order to carry
out a large-scale retrieval of video in a real time environtnenost features have to
be extracted and preprocessed during offline indexing. tncatrent state of the art,
systems cannot detect and index (or even conceptualizey pessible useful high-
level semantic feature. Therefore, it is necessary to aartynference on a limited set
of detectable HLFs that cover and support a wide range of caiérleus we focus on
using only ASR and the HLFs to support news video search.

We offer two extensions to this basic framework that enhaheecontributions of
HLFs, based on two observations. First, we note that many HL¥es daatural textual
description (e.g., “car”, “face”) that have not been widelijized for retrieval. We show

* Supported by Singapore Millennium Foundation (SMF).
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how to match such feature descriptions with the user’s téguery to enhance retrieval
performance in a time-dependent manner. We approach tl@mpjoying morphologi-
cal analysis followed by selective expansion using the WotdR]dexical database on
both the feature descriptions and the user’s query. Thagdrathe match between the
descriptions and the query, the more important this HLF ihéoduery. However as
queries are often time-sensitive (featuring new persar@porations each day, using
only the static information in WordNet is not enough. Thus weher employ the use
of comparable news articles within the same period of time ttinéu build and expand
word-based relationships. Crucially different from pms work that only employs
lexical expansion, our method fuses both static lexicalrimiation and with dynamic
correlation by calculating time-dependent mutual infatiora[3].

Secondly, as various HLF detectors vary greatly in perfoceait is necessary to
consider their accuracies in the fusion process. Curremtgieval systems have used
the output of such batteries of detectors “as-is”, withoutsidering the confidence
of individual detectors. For example, detectors for fagesfairly mature and robust,
whereas detectors for objects such as cars and animals hetieete low precision. We
therefore introduce a performance-weighted framework whiotounts for this phe-
nomenon. Different from previous work, it evaluates the aacy of individual high-
level detectors during training/validation and utilizesipability of correct detection in
feature weighting during testing.

We have validated our approach on the TRECVID 2005 datasah@fjueries. Our
experimental results show that the appropriate use of HLFstireval can outperform
text-based systems and improve results on a represersédiesof-the-art multimodal
retrieval systems in real-time.

2 Use of High-level Features in Video Retrieval

Starting from text-based search, video retrieval has pmated the use of low-level
video features (e.g., color, motion, volume) and, morentygehigh level features for
specific objects or phenomenon (e.g., cars, fire, and applaliscreate such high level
features, recent work has taken a machine learning appradee each HLF detector
is trained against an annotated corpus of video clips [A Bjell-known example is the
LSCOM set, which contains approximately 1000 concepts whiatbeaused for video
annotation. In TRECVID 2005, the LSCOM:-lite set (a LSCOM suld@9 interesting
concepts) have been selected and tagged to provide trarargples of approximately
50,000 shots or 70 hours of video. The detectors trainedjtkese examples introduce
useful and partial semantics to retrieval systems.

The IBM group used a fusion of low-level features and HLFs basetivo learn-
ing techniques: Multi-example Content Based Retrieval 0BR, a k-NN variant) and
support vector machines (SVMs) [6]. Their system automiicaaps query text to
HLF models. The weights are derived by co-occurrence stibttween ASR tokens
and detected concepts as well as by their correlations. Ténsy $hown that the use of
HLFs significantly improves the retrieval accuracy.

Columbia University’s team represented the text queriesabdhots in an interme-
diate concept space which contain confidences for each oBther&epts [7]. The sub-
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shots are represented by the outputs of the concept detéat@ach concept, smoothed
according to the frequencies of each concept and the rilyadifieach concept detector.
The text queries are mapped into the concept space by megtueisimilarity between
the query terms and the terms in the concept’s descriptibis. dpproach was applied
to automatic, manual, and interactive searches, yieldigly performance for the few
topics which have high-performing correlated concepts.

The MediaMill group [8] also extended the LSCOM-lite set bgrigasing the HLF
pool to 101 features, some original as well as some recyabedtine previous TRECVID
tasks. This set provides a larger pool of semantic featuneeefrieval. Other top per-
forming interactive retrieval systems from Informedia fjd DCU [10] also show
effective methods of integrating high level semantic feaduOne may conclude that
even though the HLF detection accuracies are much lower thalele| features, HLF
have shown to be more useful for semantic queries.

In this work, we use a set of 25 HLFs for news video retrieval. Oumary reason
for choosing this set is that the corresponding detect@seadily available and have
been trained previously on both the TRECVID 2004 and 2005 Hisk.th addition,
they have shown to be useful in retrieval in previous work [12]. These 25 features
are targeted towards identifying the video genre, objédxtskgrounds and actions, as
shown in Figure 1. The underlying classification techniquedusan be found in [11].
The HLF task requires system to return ranklists of maximuf602hots for each HLF.
Our system achieves a mean average precision (MAP) of 0.22dBr to maximize
the detection accuracy, we propose to combine the best bleait F detection results
from various participating groups. We only select ranklishich have a MAR> .2 and
above (including IBM’s HLF detector set [6], which has a .33 MAP)e score of shot
S. containingH L F}, is calculated using the following equation.

maxPos — Pos(S.)
mazxPos

Score(S¢.|HLF}) = « Z Contains(Se) + (1 — a) Z 1)

J J
whereContains() is an indicator function that checks whether a shot is prezettie
ranklist and the second term produces a normalized scoteeirange of0 — 1] that
linearly weights the positionFos) for the shot on the ranklist. The resulting ranked list
achieves a MAP of 0.38.

— Genres: anchorPersammmercial, politics, sports, weather, financial

— Objects:face, fire, explosion, car,U.S. flag, boat, aircraft, map,
building Exterior, prisoner T

— Scenewaterscape, mountain, sky, outdoor, indoor, disaster, vegetation

— Action: peopleW alking, peopleInCrowd

Fig. 1. High level features used by our system. The ten underlingdresindicate the required
features from the TRECVID HLFs; italicized features come flocBCOM-lite.

However, having a well-trained, accurate set of HLF detectomisufficient for
precise retrieval. This is because each HLF detector modglecific phenomenon, and
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which detectors are useful for particular queries varieattyreCorrectly determining
and matching detectors to queries is therefore a critisél Rast systems have done this
matching manually or using simple automated methods bypersised clustering or
simple expansion using dictionaries. In this work, we legerthe textual descriptions
of the HLF set for matching and also incorporate the confideridbe detectors in
our fusion process. This is illustrated in Figure 2 which shéwesplacement of both
of these modules in our processing framework for largeesealvs video retrieval. We
describe this two-fold approach in the following two section

{ WOR DNE T >
Text Query o MR e JhLevel Fes Fea!ure
HLF) and ASR video

e .i_._

1. Gy

i Pru:u:essrng | t,
- e — [ \ Rank hist
Farallel Articles "“-~.L‘1' 2. Fusion and | of phule
from YWEB | PRetrieval |

Fig. 2. Retrieval Framework

3 Query processing for HLF weighting

As user queries are usually short and contain insufficientesono perform a precise
retrieval, we employ previous work on query expansion tegms using external re-
sources [13] and query classification [14] during query psaing to expand the user’s
original query (denoted),) obtain an initial expanded query, .

WordNet has been a heavily utilized source of ontologicatkginformation in text
retrieval. In text retrieval, systems relate terms by symay) hypernymy, hyponymy
and overlap in definitions (gloss). We employ a similar téghe, close in spirit to the
MediaMill group [15] to determine the match between a deteatal a query. Both the
short one or two word original description of the detectat tive user’s expanded query
(denoted adi L F;, and(@1, respectively) are expanded using WordNet. Both pieces of
data are first tagged for part-of-speech using a commeroialyet, and then closed-
class words and words on a 400+ word video domain stopwdrf b$ are removed.

Unlike previous work, we include terms from the WordNet glossvadave found
that the terms extracted from the gloss differs signifigafittm those extracted from
the synonymy and the hyper/hyponym hierarchy. The formeresines provides visual
information about an object —its shape, color, nature axtdte; whereas the latter only
provides direct relations (e.qajrcraft & airplane fire & explosion. For example, the
word boatcan not be related twaterby virtue of any relationship link in WordNet, but
by its gloss a small vessel for travel on water”

The expanded term)%, H LF) are then empirically weighted based on an ap-
proximate distance from the original term@, H LF,). Expansion terms obtained
from synonymy, hyponymy, gloss are weighted in this specifien with the synonyms
having the highest weight and gloss the lowest.
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A final matching phase is done to determine which high levelufes are most
relevant to the query. To matdii L F; to Q> we use the information-content metric of
Resnik [17] (as was done in [18]), which equates similaritynlite information content
of the pair of words’ most specific common ancesesnik(t;, t;) = IC(les(ti,t5))
wherelcs(t;, t;) is the most deeply nested concept in i@ hierarchy that subsumes
botht; andt;). Here, we factor in the expanded term weights from the pre\stes

Sim_Lex(Q;, HLF) = (Y Y Resnik(ty, t5))/(|Q;| * [HLFy|))  (2)

tqéQ]‘ thI‘ILF‘)C

After summing all such scores for each HLF, thtop scoring HLFs are taken with
their weights and used in the final retrieval. WHers set to| H LF'|, the total number
of HLF detectors, all HLFs are used with their corresponding tisigvhenk is set to
1, only the highest scoring HLF is used for retrieval.

This framework would be fine for video in which the associated information is
aligned exactly to the clip. However, in professionally editédeo, a time lag between
the text content and video often occurs for stylistic reas@md normally, the speech
will come before the actual presentation of the visual infation. We therefore carry
forwardn seconds of speech of each preceding shot to its succeedihg sh

Lexical similarity as computed from static dictionariesymaot always be most
suitable for news, especially because of news’ transient@afiside from helping to
increase the coverage of how Named Entities related to comvoaifs, it can also help
refine the relations between words already linked togethaNbsdNet. For example,
the concepfire and explosionare associated in WordNet, but in news stories the re-
lationship between fire and explosion varies greatly. Ssoaigout a chemical factory
explosion and terrorist bombings are likely to have botmgehighly correlated, but a
stories on forest fires are unlikely to contain #losionconcept. If a system relies
solely on lexical links between words as processed from &odiaty, the systems may
return forest fire shots when a user is searching for explesidnother example are
the HLFs ofcar, boatandaircraft. These three features are all related to each other as
means of transportation, and thus are highly weighted anélated to each other in a
standard WordNet based expansion. As such it is possible ehsehere thear HLF
is relevant would also shots with boats as relevant due tgtiolslem. This is despite
the fact that the three HLFs are largely mutually exclusivadtual text corpora and
video data. To overcome these problems, we sampled extermgg] fion TRECVID)
sources of news to model the dynamic weighting of similaritjwleen HLFs across
time. We use the external news articles to calculate the caroence off eature; and
features with respect to time. The relationship betwegime and explosion is thus
modified according to their co-occurrence in the externttlas. If no news articles
directly relateczplosion and fire during a certain time periot} the link weight be-
tweenexplosion and fire is reduced accordingly. Equation 3 gives our time-serssitiv
similarity measure.

Sim_Lex(Q;, HLFy) = aSitm_Lex(Qj;, HLFy) + (1 — a)MI(Q;, HLF,|t)  (3)
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4 Confidence fusion and retrieval

The retrieval step is a text-based retrieval scoring famcénhanced with HLF confi-
dence scoring. We choose to use the text scoring fun@tiart(S;) from Chuaet al’s
work [11]. This scoring function utilizes the query’s clamsd other additional con-
textual information to retrieve the relevant documentsvds shown experimentally in
their work, that irrelevant segments were eliminated whitallevas maintained.

As the HLF detectors perform at different accuracy levels, wstrmansider their
precision in retrieval. Using the available training sarsple obtain accuracies for
each detector using 5-fold cross validation, in terms of )m&aerage precision. The
final score of shob; with respect to querg) is given below.

Score(S;) = a* Text(S;) + B * Z Conf(HLFy) x Sim_Lex(Q,HLF}:) (4)

HLFeS;

whereConf(HLF},) is estimated MAP of theDetectory. The score for each shot
will be computed base on the available textual features asagdthe HLFs and their
detection confidence with respect to the query.

5 Evaluation

The goal of our evaluations is to show the efficacy of both niesllHLF weighting and
confidence-based fusion. For the weighting, we can measurenativour automatic
weighting scheme agrees with the importance assigned to the bi Ruman subjects.
For fusion, we measure the gain in retrieval performance wiasrporating confidence
in the HLF weighting scheme. We also measure the synergy whetogimyp both
modules together in the retrieval framework.

5.1 HLF weighting agreement with human subjects

We asked 12 paid volunteers to take a survey that assessdtéywwould weight HLFs
in video retrieval. All participants were either universitygtgradute or undergraduate
students and had not used textual descriptions to searefdfens before. We selected
8 queries from past TRECVID queries that were representafidiifferent semantic
class (e.g., “George Bush”, “Basketball players on couRgbple entering and leaving
buildings”, etc), and asked the participants to first fresdgociate what types of HLFs
would be important in retrieving such video clips, and setaa assign the importance
(on a scale from 1-5) of the specific HLF inventory set used irsgatem (c.f., Figure 1)
for the same 8 queries. “Important” (rating 5) here refera $trong positive correlation
between the HLF and the query, “unimportant” (rating of 1) aatizg correlation. In
total, we gathered approximateldy x 8 x 12 = 2400 judgments (some judgments were
skipped by participants).

An analysis of the free association subtask shows that over&Q¥e responses
are concrete nouns, confirming earlier work that searcloetssfon nouns as cues for
retrieval. In addition, although only 5% of the featuresdigeour experiments are men-
tioned explicitly in the free association task, some wererleinked as “Important” by
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participants in the second subtask. Calculating the intigig agreement using Kappa,
we found only a low agreement ranging from 0.2 to 0.4, whichedviith the search
task. The low agreement may be partially due to the inexpeei®f the participants in
searching video. Following the analysis given in Christal alauptmann’s user study
[19], we also calculated the standard deviation of a feagigeore for each search task,
shown in Table 1. Similar to their study, we also show a low lefelgreement between
judges, albeit lower than in their previous study.

Table 1. Importance ratings of features across all 8 search taskskRlells indicate high stan-
dard deviations (above 0.7). Features sorted by standziatide.

Feature (Avg. s.d.) Search Task
Map Tree Office Basketball Ship Hu Jintao George Bush |Fire
Fire & Explosion (0.6 14 14 1.3 1.3 14
Car (0.7) 14 1.2 1.3 1.4 1.9 4.4
Boat (0.8) 1.1 1.4 25
Aircraft (0.9) 17 1.1 21
Face (1.1) 1.2 35 30 20 2.
US Flag (1.0) 2.2

People Walking (1.2)
Anchor person (1.3)
Map (0.7) 1.5 1.6
Prisoner (0.6) 11 1.1

People in Crowd (1.2
Commercial (1.2) 15 26

Politics (1.0) 24 13 1.8 43

Sports (0.8) 15 14

Weather (0.9) 1.6 14 1.6

Financial (1.0) 15 33 15

Disaster (0.9) 19 15

Building Exterior (1.0 35
Waterscape (1.0) 1.1 4.1

Sky (1.0) 1.1 1.6 1.7 1.6
Outdoor (1.0) 1.6 11

Indoor (0.9) 45 15

Vegetation (0.8) 1.3 1.3 15 1.5 14

In some cases, the degree of agreement is high, especially thhesearch task
mentions the feature directly (e.g., the “Basketball” querentioning “Sports”). In
fact, a trend of HLF rating stability was observed. Ratingsdoncrete nouns were
most stable, followed by backgrounds and video categomesyath those describing
actions being the most variable or unreliable. We also riwdé riegative correlations
(scores close to 1.0) are prominent in our dataset. We feeldiyuite reasonable, as
only a few HLFs are usually relevant per query. We have alsqeted the Kappa value
between the HLF rankings from our system and the ones from thahgudges. The
value ranges between 0 to 0.25 with a mean value of 0.145. Waybdhis varying level
of agreement is due to the fact that WordNet expansion workkfarghypernym and
hyponym relations, but less so for other relation types. Assalt, the overall agreement
is weak. We plan to look into the problem of how to enrich the diet so that it is
capable of discovering other relations in the near futuranesxtension to this work.

5.2 Text retrieval and Query matching

We follow the evaluation standards in TRECVID 2005 automagstch task. The task
consist of 24 queries (e.g. Find shots of Condoleeza Ricel $hots of an office set-
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ting). A maximum of 1,000 shots are returned for each quedstae performance is
measured in MAP.

We leverage and modify an existing state-of-the-art redtisystem [11] to per-
form the required text retrieval. The text-based retri@radine uses the text query to
retrieve pre-segmented passages of text in the (possilthimatranslated) ASR tran-
scripts. These segments correspond to phrase level vigmoeses in the corpus. The
video segment associated with the matched phrase and theseignmediately after-
wards are retrieved as the retrieved results. The reastiththaegment afterwards is
also included is because that audio descriptions of evdtdn proceed the relevant
video segments in edited video, such as news. This text-lzsadine system also in-
corporates query expansion using external news resourhesegulting text retrieval
system achieves an MAP of 0.063 based on the TRECVID 2005 datadejueries. In
comparison, the top three performers in TRECVID 2005's detasks yield MAP of
0.67,0.62,0.61 respectively, showing that our text basedirompetitive.

To test the effectiveness of our query matching techniquedurther compare the
performance to this system [11] which uses heuristics to wdititis to individual
queries. When HLFs are integrated into the text-only systetj, the jump in MAP
is significant (from 0.063 to 0.104) and validates earligyoréed work. To test the
effectiveness of the various components in the query madgchiodule, 3 runs have
been carried out. Runl is based on the query-matching #igonvithout using the
WordNet glosses, while Run2 includes glosses. Run3 will irecking use of glosses as
well as temporal Ml as stated in Eqgn. 3.

Table 2. The performance in MAP combining textual features and HLF inewl. Percentages
indicate performance gain over the baseline system.

Technique of Using HLF + Text MAP
BaselineHeuristics weighting by [11] 0.104

Runl. Automated HLF query matching without Gloss 0.106 (+1.9%
Run2. Automated HLF query matching with Gloss (Eqn.2) 0.110 (+5.8%
Run3. Automated HLF query matching with Gloss + Temporal Ml (EQr0.213 (+8.6%

The Table shows that the use of HLFs during fusion have outpedd the text-
based retrieval system by more than 50%. This is conclusitexdual feature alone are
not reliable to pin-point shots which are relevant to the gueunl1 and Run2 indicates
that the use of WordNet glosses is positive as the performanoeases from the MAP
of 0.106 to 0.110. Run3, which uses all the components obt®AR of 0.113 which
is 8.6% better than the baseline system of 0.104. The mairoiement comes from
the sport and general queries. Queries which are directlydireictly related to the
available 25 HLFs benefits the most. This suggest that as mofs Hite added, a better
performance can be obtained. The MAP performance is highetdaliis re-ranking of
relevant shots as it takes all HLFs into consideration dufirsipn (i.e.,k==25). This
performance is also better than a similar evaluation run (MAB.070) submitted by
IBM [6] which uses only text and HLFs.
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5.3 Confidence-based fusion and A/V Integration

For the confidence-based fusion, we carried out 2 more runs/éstigate the effects
of considering HLF detection accuracy in the retrieval. As Rtm Run3 uses HLF
detection result without considering the accuracy of theousrHLF detectors (normal
fusion), we added Run4 which applies confidence-based fusan &qn. 4. Run5

is designed to investigate the overall performance of ttstesy by integrating other
A/V features including low level features from [11]. The fosiis done by modifying

the query-dependent multimodal fusion function in [11] te@mmodate Eqgn. 4. The
results of these experiments are reported in Table 3.

Table 3. Aggregate MAP of the system. Percentages indicate perforngaic®ver the baseline
system.

Experiment Normal fusion |Confidence-based fusion using (Eqn. 4)
Run4. Text + HLF 0.113 (+8.6%) 0.117 (+12.6%)
Run5. Text + HLF + A/V features[110.127 (+22.1% 0.131 (+25.9%)

The result shows that the use of confidence-based fusionsigghificant improve-
ment over normal fusion. Run4 based on confidence-basedhfisiable to achieve
a MAP of 0.117. This performance is statistically comparabléop performing sub-
missions. The run that incorporate the rest of the A/V featnietains the MAP of
0.127 and 0.131 respectively, which is better than the bdsligmed MAP of 0.123
in TRECVID 2005 automated search task. The bulk of improvanseme from the
general queries as they depend largely on the use of HLFs desned of relevancy.
Person-oriented queries on the other hand have less sagrifraprovement as textual
features and video OCR still constitute the main score. As ¢tnéidence-based fusion
and the automated HLF to query matching affect differentspairthe retrieval system,
they can be combined easily, producing largely indepengizins on MAP.

6 Conclusion

As video analysis has advanced to building high-level seimégdtures from low level
ones, schemes that judisciously employ such HLFs are ne@deexplore two distinct
and complementary approaches to extend the current frarkewd such multimodal
retrieval systems. We have investigated methods to autoamat expand the matching
of HLFs to user query terms. In particular, our query to HLF magpnethods exam-
ine 1) the use of dictionary definitions (WordNet's glossesh¢lp relate terms, and
2) time sensitive mutual information to make sure that theress are sensitive to the
timeframe and story distribution in the video corpus. Ovemlr newly Text + HLF
retrieval system is able to outperform baseline system ahigee similar results to top
performing automated systems reported in TRECVID 2005. fraimework is further
tested by integrating other A/V features and the resultinfppmance is better than the
best reported result.
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