How many high-level concepts will fill the semantic gap in
video retrieval?
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ABSTRACT

A number of researchers have been building high-level séman
concept detectors such as outdoors, face, building, etieelp with
semantic video retrieval. Using the TRECVID video colleatand
LSCOM truth annotations from 300 concepts, we simulategperf
mance of video retrieval under different assumptions ofceph
detection accuracy. Even low detection accuracy provides ge-
trieval results, when sufficiently many concepts are usezhs(al-
ering this extrapolation under reasonable assumptiois paper
arrives at the conclusion that “concept-based” video eeali with
fewer than 5000 concepts, detected with minimal accurady®s
mean average precision is likely to provide high accurasylts,
comparable to text retrieval on the web, in a typical broatinaws
collection. We also derive evidence that it should be fdasit
find sufficiently many new, useful concepts that would be tublp
for retrieval.
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1. INTRODUCTION

Digital images and motion video have proliferated in thet e
years, ranging from ever-growing personal photo collestim pro-
fessional news and documentary archives. In searchingighro
these archives, digital imagery indexing based on low lavelge
features like color and texture, or manually entered texbtations
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often fail to meet the user information needs, i.e., thegepersis-
tent semantic gap produced by “the lack of coincidence batwe
the information that one can extract from the visual data thed
interpretation that the same data have for a user in a gitaa-si
tion” [24].

The image/video analysis community has long struggled itiger
this semantic gap from successful, low-level feature aigicolor
histograms, texture, shape) to semantic content desmripfivideo.
Early video retrieval systems [10, 25, 27] usually modelatbe
clips with a set of (low-level) detectable features gereztdtom
different modalities. These low-level features like hggms in
the HSV, RGB, and YUV color space, Gabor texture or wavelets,
and structure through edge direction histograms and edge oz
be accurately and automatically extracted from video. Hewne
because the semantic meaning of the video content cannotbe e
pressed this way, these systems had a very limited succtsthigi
approach to video retrieval for semantic queries. Seveualies
have confirmed the difficulty of addressing information reeadth
such low-level features [14, 22].

To fill this “semantic gap”, one approach is to utilize a sefrof
termediate textual descriptors that can be reliably agpbevisual
content concepts (e.g. outdoors, faces, animals). Mamarelers
have been developing automatic semantic concept classsfieh
as those related to people (face, anchor, etc), acousge¢bpmu-
sic, significant pause), objects (image blobs, buildingaphics),
location (outdoors/indoors, cityscape, landscape, stséiting),
genre (weather, financial, sports) and production (camert@om
blank frames) [4]. The task of automatic semantic concetgade
tion has been investigated by many studies in recent yea6[2
11, 31, 12, 8, 28], showing that these classifiers could, artbugh
training data, reach the level of maturity needed to be héfilfers
for video retrieval [5, 18].

The idea of indexing pictures has been approached by mahiyists,
and we can draw on their vocabularies for finding concepts and
meaningful indexing terms for image material. Perhapsdhgeist
index of image material is at the Library of Congress, an@xed

by the Thesaurus of Graphic Materials (TGM), using manusgly
lected index terms for every library item [1]. The TGM is spon
sored by the Library of Congress, Prints & Photographs inis
and in the form of TGM-I (Subject Terms) offers 69,000 terms
for indexing subjects shown in pictures and also what pastare
about. Additionally, the companion TGM-II (Genre and Physi



cal Characteristic Terms) document offers more than 650sdor
types of photographs, prints, design drawings, and otheonal
materials, with hew terms added regularly. The Art and Asahi
ture Thesaurus by the Getty Research Institute [7] is anctiaa-
dard source for image and video description with a “strieduro-
cabulary of more than 133,000 terms, descriptions, bibdiplic
citations, and other information relating to fine art, aretiure,
decorative arts, archival materials, and material cultiith slightly
fewer indexing terms, the Australian Pictorial Thesau2@] has
“15,000 subject terms for the indexing of images and othigi-or
nal material collections.” Additionally, there are numesasmaller
controlled vocabularies for stock photography colleciiomuse-
ums and news organizations.

One might simply disregard the concept selection problemd, a
propose to index as many concepts as possible, for exaragiegt
all index terms from the Thesaurus for Graphic MaterialswHo
ever, we believe concepts should be carefully chosen. Bgilau-
tomatic detectors is by no means trivial, and developingephde-
tectors of very low retrieval utility will waste effort, oven worse,
degrade the performance of large-scale concept-basél/edsys-
tems. Which specific concepts should be automatically iedéx
still an open research question.

In this paper, we examine the use of high-level semanticequisd17]
to assist in video retrieval and its promise to fill the seritagap
by providing more accessible visual content descriptors.a¥gue
that a few thousand semantic concepts [15] that have rellsona
reliable detection accuracy can be combined to yield higtwaacy
video retrieval. If we can define a rich enough set of suchrinte
mediate semantic descriptors in the form of a large lexicoth a
taxonomic classification scheme, then robust and generpbpe
content annotation and retrieval will be enabled througds¢hse-
mantic concept descriptors. Although a huge number of sistake
semantic concept detection approaches have been devedoped
evaluated, a number of questions remain to be answeredhevg.
many semantic concepts are necessary? How accurate dcetbay n
to be? Can we reasonably expect to identify these usefulepisic
and build automatic detectors for them.

To gain a deeper understanding on these open research, isgies
have designed and conducted a set of retrieval experimefeasge-
scale video collections, which constitute first steps tasahese
questions and provide guidelines for future work.

The paper is organized as follows: We begin in Section Il with
case study showing that increasing the number of semantic co
cepts improves video retrieval with experiments on concephts
needed to get good retrieval. We also provide an estimatéen t
minimal number of concepts that will be sufficient to constra
highly accurate video retrieval system. Then, in Sectigmwé an-
alyze whether it is feasible to find several thousand suckejus

to be added to the current lexicon. We end with a discussion; s
mary and additional open questions that are begging for arssw

2. VIDEO RETRIEVAL USING SEMANTIC
CONCEPTS

To illustrate the usefulness of constructing a large nunobaigh-
level semantic concepts to enhance video retrieval qualiypro-
vide a case study based on a large-scale TRECVID video eollec
tion [23] and two recently developed video concept lexiaanaly

the Large-Scale Concept Ontology for Multimedia (LSCOMj][1
and the MediaMill challenge concept data [26], both of whattp

include an “annotation corpus” for the TRECVID 2005 vided-co
lection, where for each concept in the lexicon and every shitite
collection, it was manually determined whether the conwegs
absent or present in the shot. Our video retrieval expetisnare
conducted on 83 use cases queries, developed as part of LSCOM
(also with concept truth annotations available on TRECVIDZ
video) to uncover the relationship between the number ofepis,
detection accuracy and retrieval performance.

2.1 Description of Video Archive

In this section, we briefly describe the video collectiong et
of high-level semantic concepts and the use cases (queigsjop
adopted in our case study.

2.1.1 TRECVID 2005 development set

The National Institute of Standards and Technology(NIS¥E)$pon-
sored the annualext REtrieval ConferencélfREC) as a means
to encourage research within the information retrieval womity

by providing the infrastructure and benchmark necessarlafge-
scale evaluation of retrieval methodologies. In 2001, N$&irted
the TREC Video Track (now referred to as TRECVID [21]) to pro-
mote progress in content-based video retrieval via an apetrjcs-
based evaluation, where the video corpora have ranged foom-d
mentaries, advertising films, technical/educational it multi-
lingual broadcast news. The international participatiohRECVID
has rapidly grown from 12 companies and academic institatio
2001 to 62 participants in 2005. The core TRECVID evaluation
emphasizes a search task, where video clips relevant tocifispe
query (e..g Shots of emergency vehicles in motion) need t@be
trieved, either automatically or interactively.

Precisionandrecall are two central criteria to evaluate the perfor-
mance of retrieval algorithm. Precision is the fraction lué tre-
trieved documents that is relevant. Recall is the fractiorelevant
documents that is retrieved. NIST also defines another measu
of retrieval effectiveness called non-interpolated agerprecision
over a set of retrieved documents (shots in our case). HLbe
the number of true relevant documents in a set of sizd. the
ranked list of documents returned. At any given indebet R;

be the number of relevant documents in the fagiocuments. Let
I, = 1ifthe j*" document is relevant ar@lotherwise. Assuming
R < S, the non-interpolated average precis{@ir) is then defined
as% Zle % * I;. Mean average precision(MAP) is the mean of
average precisions over all queries.

As the largest video collections with manual annotatioreilakle
to the research community, the TRECVID collections havelex
the standard large-scale testbeds for the task of multeretlieval.
Each TRECVID video collection is split into a developmerttased

a search set of roughly equal size. The development setdaird t
annotations are used as the training data to develop atitomait
timedia indexing/retrieval algorithms in low-level vidémature ex-
traction, high-level semantic concept extraction and desasks.
The search sets mainly serve as the testbeds for evaluhénzet-
formances of retrieval systems.

In our case study, we used only the development data set from
the TRECVID 2005 corpus [21]. This consists of broadcastsew
videos captured in the months of October and November 2004 fr

11 different broadcasting organizations across two centsand
several countries. The video collection includes mulglial news
video captured from MSNBC (English), NBC Nightly News (En-
glish), CNN (English), LBC(Arabic), CCTV(Chinese) and NTH



(Chinese). The development set used here comprises about 70 e Afghanistan:battles, disarmament, demobilization, and rein-
hours of video. The development corpus was segmented i8@il61 tegration

representative shots or units of retrieval with each sudhassoci-
ated with a keyframe from the shot.

Iraq: Fallujah, car bombs, improvised explosive devices, as-
sassinations

2.1.2 Semantic concepts

We studied three sets of high-level semantic concepts,evsach
set is larger than the previous ones and completely incltides
smaller sets.

Eritrea: War by proxy

Africa: Various conflicts

Pakistan:Terrorist attacks

LSCOM-Lite The first set is generally referred to as
LSCOM-Lite [15]. It is composed of 39 concepts and was
released by NIST in conjunction with the TRECVID 2005
data set. The TRECVID 2005 participants jointly annotated For each use case, a set of specific topics was derived, winisliw
ground truth for these concepts on the TRECVID 2005 de- be answerable by video documents in the collection. Thecsopi

velopment set. were intended to emphasize the visual aspect of the vidadheo
L accompanying audio narrative. Thus for the “Afghanistase tase
MediaMill The second set of concepts was created by gcenario. some example topics were:

the MediaMill group in the Netherlands [26]. They anno-
tated 101 concepts on the same data set, with a challenge to
other researchers to use these concepts, annotationssand lo
level features to develop better concept detection andrgene
video retrieval systems. Since only 75 of these concepts wer
present in our largest LSCOM concept lexicon, we limited
our evaluation to those 75 concepts to achieve direct compa-

Battles/violence in the mountains

Camps with masked gunmen without uniforms

e Armored vehicles driving through barren landscapes

rability.

LSCOM The largest set of concepts contained 300 con- e Mountainous scenes with openings of caves visible
cepts, developed as part of the LSCOM effort [15]. While
the full LSCOM set contains over 2600 concepts, many of e People wearing turbans and carrying missile launchers

them are unannotated or contain no positive instances in the

TRECVID 2005 collection. For this study we used 300 LSCOM

concepts that were annotated with at least several positive These topics, in turn, were mapped into very specific, viguaties,
instances. LSCOM is a collaborative effort of multimedia e.g. looking for shots of:

researchers, library scientists, and end users to develop a

large, standardized taxonomy for describing broadcassnew

video. These concepts have been selected to be relevant for e A person with head-scarf greeting people

describing broadcast video, feasible for automatic dietect

with some level of accuracy and useful for video retrieval. e Military formations engaged in tactical warfare, or parteof
LSCOM additionally connects all its concepts into a full on- parade

tology. However, we only used the LSCOM concepts as a

flat lexicon in our experiments. All shots relevant to all eon e Crowds protesting on streets in urban or rural backgrounds
cepts had been annotated for the TRECVID 2005 develop- with or without posters/banners

ment set.

e Military hospital with vehicles in foreground
2.1.3 Use cases

To measure the usefulness of large numbers of conceptsdeo vi e Military vehicles or helicopters
retrieval, we utilized a set of “use cases” that had been eefoy
the LSCOM activity [15]. Here, in consultation with user com-
nities of broadcast news professionals and intelligeneadyats, a
number of scenarios were identified, which were well covened
the TRECVID 2004 data set. The scenarios covered unexpectedry carry out some quality assessments of the concept LEBREOM
breaking news events such as natural disasters, as welhgs 1o 50 derived relevance judgments for the use-case qUESEOM
standing news stories, such as “The oil crisis” or “US Elmusi” adopted a labeling strategy similar to the “pooling” use@RECVID
Each of these events had aspects with associated videotltéps  [21]. In this strategy, the top results from various systemes|a-
the users would have liked to access and review in detail. beled, while the bottom results are simply assumed to betinega

) ) LSCOM approximated this approach by feeding the query tojoic
The use cases were designed to be (a) independent of thepeonce interactive retrieval systems and having annotators perfinter-

e Masked men with guns and/or any other weapons

lexicon used in the annotation corpus and (b) a realisttngefor active searches” over the collection by essentially igptéxt and
an information seeker in the sampled user communities. éme image queries and finding as many relevant shots as possititgd
ple, the use cases included the following query topics: a 30 minute period. This provided an approximate, but higatity
This data is available dtt t p: / / wwv. ee. col unbi a. edu/ set of labels, useful for evaluating the quality of varioos@ept-

I n/dvi | scom based search methods for the queries.



2.2 Retrieval Experiments

To evaluate the retrieval utility of the LSCOM-Lite, the MaMiill
and the full LSCOM concept sets, we designed experimentsdbas
on the guidelines of the automatic retrieval task in TRE&uwide-
trieval evaluation (TRECVID), which requires an automafideo
retrieval system to search relevant documents without amyam
feedback. As the baseline, we generated the standard tegvad
output by searching the speech transcript for automafieatracted
text keywords from each use case. Given the annotationgbf hi
level concepts and relevance judgments of use case quénes a
disposal, we can linearly combine the semantic concepigireads
into the text retrieval outputs so as to determine how muebaluse
cases would be affected. In more detail, we compared tektvet
results to the results after incorporating (a) the LSCONM siet of
39 concepts, (b) 75 concepts from the 101 concept Medialgéll-c
lenge which overlapped with the LSCOM concepts, and (c) 300 o
the LSCOM concepts that had at least 10 positive instanct®ein
annotations.

Let us begin our discussions with the most ideal case, where w
assume that the semantic concept detection is perfecvéent to
directly using the concept truth annotation) and that thelioa-
tion method of concepts is optimal. Although impractichk te-
sults reported in this setting can serve as a theoreticarupgpund
to indicate how useful the concepts can be. In previous waok [
we developed a theoretical framework for studying the peréoce
limits over both monotonic and linear combination functorin
brief, the approach computes the optimal linear combinapier-
formance with the semantic concegtdixed. Let us denote the lin-
ear combinatior (D, Q) = 3"~ \i f:(D, Q) andAP(F(D, Q))
as the average precision of order kiswhereo is determined by
retrieval score’(D, @) with respect taD. Therefore our task can
be rewritten as a bounded constrained global optimizatioblpm,

"
LLB = max AP (Z i fi(D, Q)) ;

i=1

where we considef LB as the locally fixed linear bound. Note
that this bound allows different concept combination wesdfor
different queries.

To handle the bounded constraint optimization problem, seal
global optimization algorithm called the MCS algorithmoposed
by Huyer et al. [6]. Their method combines both global searuth
local search into one unified framework via multi-level adioate
search. It is guaranteed to converge if the function is ootis.
Also in our implementation, multiple start points are trfedeach
query to avoid local minima problems.

To get a more realistic estimate (as opposed to the perfeatl&
detection) of the concept utility with state-of-the-arhcept detec-
tion approaches, we repeated the experiment after intioglnoise
into the perfect concept prediction (but still with an oeacbmbi-
nation). The results from TRECVID 2006 semantic concegdgita
fication evaluation [19] show that the current best sematiept
classification systems can average slightly less than 0.2 kaver
the LSCOM-Lite concepts. Because mean average precisian
ranked-based measure and difficult to simulate, we appiabeidh
this MAP with a breakeven precision-recall point at?0.Phis was

S

2Breakeven precision-recall is usually a good approxinmafiar
mean average precision. They are equivalent to each otlhiee if
precision-recall curve is mirror symmetric to the line oégision
=recall.

easily achieved by randomly switching the labels of posiyivan-
notated shots to be (incorrectly) labeled as negative andecsely
switching some negatively labeled shots as incorrectigeskam-
ples, until we achieve the desired breakeven point wher@gioa

is equal to recall. This made the concept labels appear lpugh
equivalent to a detector with MAP of 20%.
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Figure 1: The oracle detection and oracle combination (OC +
OD) results on the use cases for text-only retrieval and reteval
with the LSCOM-Lite, MediaMill and the larger LSCOM con-
cept sets. The results using simulated “noisily detected'qC +
ND) concepts are also shown at 50%, 20% and 10% breakeven
precision recall (shown as “50% BPR”, “20% BPR” and “10%
BPR” respectively. Realistic combination estimates (RC) &
sume the combination algorithm is only half as effective asne-
fect combination and are shown with 10% breakeven precision
recall as “RC + ND, 10% BPR”.

Figure 1 shows the retrieval results of combining semamticepts
for the three sets under different noise levels, and we caargb a
substantial improvement brought by additional semanticepts.
For example, the video retrieval performance can reach aneiga
sive 37% in terms of MAP after the full LSCOM set of concepts
are incorporated, given that the baseline text-only nedtiAP is
only 1%. This surprisingly low baseline of the text-onlyrietal,
achieved using a configuration typical for video retriegal be at-
tributed to the strong visual specificity of the queries,shigannot
be answered by merely searching the audio transcript. Ehisss
of experiments confirms the huge potential of high-levelosmts

in helping to build an effective video retrieval system. Amare
realistic setting, we also investigate the performancerdfttro-
ducing detection noise into the semantic concepts. In thi®c
the retrieval performance keeps decreasing when more anel mo
positive shots are switched to negative ones. This showsl¢tec-
tion accuracy of semantic concepts has a noticeable effetite
quality of video retrieval accuracy. However, even if thedkeven
precision-recall of these sets of concepts is only 10%, éhéeval
MAP can still be boosted to 26% with the full set of LSCOM con-
cepts. This suggests that although the prediction provijethe
state-of-the-art automatic concept detection algoritieiar from
perfect, they can still retain their potential in augmegtihe stan-
dard text retrieval output.

It is worth mentioning that all of the above discussions assthe
true relevant documents for each query are available amdftre

we can use learning approaches to estimate the optimal eombi
nation model. However in practice, we will not be able to col-
lect ground truth for every possible query that users maynsub



Hence, it is more reasonable for us to derive the combinatiod-
els based on some obtainable query properties, such as dgery
scription, query context, user profile, or interactive vatece feed-
back . Based on recent results reported on the official TRIBCVI
2003 — 2005 retrieval tasks [29], realistic combination elegwhich
are determined by the query description alone) may resalBidP6-
50% loss of accuracy compared with the optimal combinatiod-m
els. Thus we modeled the “realistic combination” assunmptio
Figure 1 (and later in Figure 2) using a 50% degradation okeer o
cle combination. However, even taking this additional distting
factor into consideration, the high-level concepts alesstown to
be a potentially useful component for video retrieval giveat it
can boost MAP from 1% to above 10%.

2.3 How many concepts are sufficient for a
good retrieval system?
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Figure 2: Extrapolated mean average precision vs. the num-
ber of high-level concepts. The true MAPs on the three orig-
inal concept sets are indicated by “x”. The corresponding
fitted curves are also plotted, where the solid line represdn
the oracle detectors (OD) with oracle combination (OC), and
the dashed line signifies extrapolation using the noisy dete
tors (ND) with 50%, 20% and 10% breakeven precision-recall
(PR). Realistic combination estimates (RC) assume the com-
bination algorithm is only half as effective as perfect comb
nation and are shown with 10% breakeven precision recall as
“RC+ND,PR10%".

One of the most interesting aspects of this work is that thesats

by a new concept is proportional to the difference betweercth-
rent MAP and the upper limit 1. In other word, it means that the
higher the current MAP is, the less benefit a new concept dan of
According to this assumption, we can come up with the follgyvi
partial differential equation,

C;—ZL x (1 —=m),
wherem is the value of MAPx is the number of concepts, and
the boundary condition is:(c0) = 1. By solving this equation, it
yields,

m(xz) =1 — exp(az + b),

wherea, b are two arbitrary numbers which can be determined by
curve fitting approaches.

Figure 2 plots the true MAPs on three concepts sets as wdlleas t
fitted curves using the proposed exponential function owér per-
fect concepts and noisy concepts under oracle combinatgomwell
as the noisy detection at 10% breakeven precision/recdlfeal-
istic combination, which assumes a 50% degradation in th&e¢o
nation step. It shows that the fitted curves provide a faiclyuaate
estimation on the target points. These curves also allow stutly
the behavior of video retrieval system in depth if there asnyn
more concepts available than the current status quo. Td thac
level of a “good” retrieval system, we will only need aroun@08
concepts if we can obtain perfect detection accuracy fon eao-
cept. But more realistically, if overall accuracy of contégtection

is only 10%, we will need more concepts to achieve the sans, lev
i.e., around 1,200 to 1,300 concepts. From above resultgawe
conclude that a few thousand concepts should be sufficiemvier
the most crucial contents in video corpora and provide adation

to construct good video retrieval systems.

However, we also realize that there is a trade-off betweemrtim-
imal number of concepts and the concept detection accufidey.
lower the detection accuracy, the more concepts we arey likel
need to accurately retrieve the video content. Somewhatistur
ingly, Figure 2 shows that when using 3000 or more concepts,
even a fairly low detection accuracy of 10% for any singleaapt
will be sufficient, even in the realistic combination scéaawhich
tries to approximate the combination behavior of real systezhen
compared to oracle combination [29]. While both the number o
high-level concepts and concept detection accuracy neethe t
taken into account when designing the video retrieval sysf¢his
data suggests that it is better to add more concepts into thke m
rather than building very accurate concept detectors,rasds we

can now provide hints to answer the question: how many cdsacep can find a reasonable method to combine them. We also want to

are sufficient to construct a “good” video retrieval systefig?be

point out that the discounting factor between realistic lboration

more rigorous in the rest of the discussions, we define a “good and oracle combination is also dependent on the choice aegbn
system as one that can achieve more than 65% MAP. This corre-combination methods. If the combination method has to relthe

sponds to the current MAP accuracy that has been reporteddor
best web (text) search engines [3]. In order to investigaserob-

semantic meaning of the concepts, its retrieval performanay
suffer more than a method that ignores explicit concept séng

lem more thoroughly, we need to extrapolate our MAP numbers especially when the detection accuracy is as low as 10%.sUgs

on three extant concept sets to some “imaginary” concepwgét
larger sizes under the assumption that the additional pisiteve
a similar quality to the existing concepts. The first stepeitrap-
olation is to determine a reasonable extrapolation fundiio the
given points in order to determine the relationship betwieP
and the size of concept set. Since we only have three poirfits to
theoretically there are infinite amount of functions that ba used

gests that one should consider semantic-insensitive ardihg-
based combination methods when the concept detectionaagcur
is not high enough.

Note also that our above analyses are based on the assurtfation
additional “imaginary” semantic concepts should have ailaim
quality (such as detection accuracy, proportion of thetpesdata

to model the given numbers. However, we can impose a realgonab and so on) to the existing concepts. The following sectidarsf
assumption upon the function space so as to determine aauniqu more analysis to see if it is reasonable to find this many qasce

extrapolation function, i.e., the maximum MAP incremerauiyht

for for such a larger concept vocabulary.



3. FINDING A SUFFICIENT NUMBER OF
CONCEPTS

We have shown in previous sections that video retrievalesyst
equipped with thousands of concept detectors are veryyliteel
perform well, even if the accuracy of the individual detestes
low. The conclusion, however, contains the implicit asstiomp
that thousands of reasonable high-level concepts aretdbtedn

the video archive. The large-scale concept-based retpavadigm

is clearly not viable unless we have a sufficiently large nendf
concepts to choose from. So, we try to answer the questian: ar
there really that many concepts in a video archive?

Rather than manually creating and counting concepts, weegsl
timate the number of concepts in a video collection basechen t
distribution of the counts of high-level concepts. If onetsdhe
300 LSCOM concepts in the TRECVID 2005 video collections in
decreasing order of frequency and plots the count vs. raek (i
the position in the sorted list) in log-log scale, a surpmgspattern

The linear relationship between count and rank, howevers dot
hold after the top 100 concepts (one third of the LSCOM cot®)ep
and one may suspect the validity of estimating the total rermb
of concepts in a video collection based on Zipf's Law. The rea
son why the distribution of the mid and low-frequency LSCOM
concepts does not closely follow Zipf's Law is likely due tmet
idiosyncratic selection process of LSCOM concepts. LSCG@M p
ticipants included only concepts that met certain criteidany
low-frequency concepts (e.g., people or objects that waplakear
only very rarely in broadcast news) are excluded, which aeto
for the deviation from Zipf's Law.

To overcome the selection bias that LSCOM excludes many mid
and low-frequency concepts, we fit a straight line usivgjghted
linear regression. The weighted linear regression miresithe
following objective functionJ:

J(B,Bo) =Y w(i) (log e(i) — (Blogr(i) + Bo))*,  (3)

%

emerges. We surely expect a decreasing curve because the con

cepts are sorted in the decreasing order of frequency, buttve
stays linear, at least for the high-frequency conceptshaais in
Figure 3. This linear frequency-rank relationship in logriscale
is widely known as Zipf’s Law [32], and has been extensivdly o
served in many natural phenomena (e.g., words in a largeoéxt
lection [13]). The high-level video concepts in TRECVID 200
video collection also exhibit very similar patterns[9].

Zipf's Law states that the product of the count and rank isstamt,
c(i)xr(i) =k (1)

wherec andr are two functions that return the count and rank of
thei-th concept. Equivalently we can rewrite (1) as

logc(i) = —1 x logr(i) + log k. 2

2) is a straight line of slope -1 in the log-log plot. To estimthe
total number of concepts in a video collection, we can sehtou
to be one, solve (2), and return ranlas an estimate.

count
1000 10000
| |

100

10

rank

Figure 3: Each cross represents the count (y axis) and rank in
the decreasing order of frequency (x axis) of a LSCOM concept
in the TRECVID 2005 video collection. Note that both x and y
axes are in log scale. The straight line represents an ideahkar
relationship based on Zipf's Law, and is fitted using weighte
linear regression with exponential decay weights.

wherew (%) is the weight for the-th conceptg, = log k in (2). We
would like to have a weighting function that favors highefoent
concepts (i.e., more weights) but penalizes severely tegtiency
concepts (i.e., extremely low weights) because LSCOM may po
tentially miss very large number of low-frequency concepthat
should such a weighting function look like? One possiblech@

an exponential decay function,

w(i) = exp(=Ar(z)), 4)

where \ is a decay constant. High-frequency concepts (i.e., the
value of rankr(7) is small) have large weights; low-frequency con-
cepts (i.e., the value of ranK:) is large) have very small weights.
We choose tha that makes the estimatgétn (3) as close to Zipf's
Law as possible, i.e., close to -1. The fitted linear curvehms

in Figure 3, withA = 0.0405, 8 = —1.0, and3, = 11.42. By
setting count to one in (2) we estimate the total number of con
cepts in the TRECVID 2005 video collection to be around 100K,
which is in the same order of magnitude as the previous study o
the TRECVID 2003 video collection [9]. Note also, that tlisilso
similar in magnitude to the numbers of words found in writhern
spoken documents.

If the TRECVID 2005 video collection were annotated in an un-
constrained manner such that the distribution of concedptely
followed Zipf's Law (we denote this imaginary video conceypi
tology as LSCOM-Zipf), a total of 100K concepts are clearlgren
than enough to offer 3K concepts that are needed to achiex@ go
retrieval performance. 3K concepts are shown to be sufficien
even if the detection accuracy is very low — to perform welhgs
the state of the art combination strategy in Section 2.3{Haiargu-
ment is actually based on the premise that the 3K conceptbiexh
similar characteristics (e.g., the number of positive epias) as
those in LSCOM. We would not expect retrieval performandeeo
improved if the 3K concepts from LSCOM-Zipf have signifidgnt
lower frequency in the collection than those from LSCOM.

We examine if LSCOM-Zipf could offer concepts of similar d¢jtia

as LSCOM by comparing the number of training examples in the
retrieval experiment in Section 2.3 (the first row of Tabletyl an
imaginary retrieval experiment using 3K concepts from LSCGO
Zipf (the second row of Table 1). The LSCOM experiment usks al
300 concepts of LSCOM, while the imaginary experiment uses 3
concepts from a total of 100K concepts. The number of coscept
with frequencies above 1000, 500, and 100 examples all shatv t



Concepts | Size | Used|| > 1000 | > 500 | > 100
LSCOM 0.3K O 3K 89 159
LSCOM-Zipf | 100K 192 945

Table 1: Comparison of concept frequencies for retrieval ex
periments based on LSCOM (see Section 2.2) and those based
on estimated concepts that follow Zipf's Law (the second row
denoted as LSCOM-Zipf). The second column is the size of the
concept set, and the third column is the number of concepts in
corporated into the experiments. The remaining columns lis
the number of concepts of frequency greater than X in each
set (how the numbers of concepts of frequency at least 100 are
obtained is illustrated with dashed lines in Figure 3).

LSCOM-Zipfis not only similar to LSCOM but, in fact, couldfef
more concepts of better quality in terms of frequency. ThEOM
experiment used 62 concepts of frequency greater than W00k,
the imaginary 3K experiment could have as many as 97 conaéepts
frequencies greater than 1000. Therefore, collecting 3kcepts
from a video collection should not only be feasible, but thaliy

would also be better than for the LSCOM concepts used in cur re

trieval experiments, which may help retrieval systemseaaheven
better performance with fewer than 3K of concepts!

4. CONCLUSIONS AND FUTURE WORK
Using the TRECVID video collection and the LSCOM truth an-
notations of 300 concepts, we simulated performance ofovide
trieval under different assumptions of concept detecticcueacy.
The experimental results confirmed that a few thousand s@gnan
concepts could be sufficient to support high accuracy video r
trieval systems. Surprisingly, when sufficiently many agpts are
used, even low detection accuracy can potentially provatEige-
trieval results as long as we find a reasonable way to combéara.t
We also provided speculative evidence based on Zipf’s laa, it

is feasible to find the required numbers of concepts ocayrsiith
sufficient frequency in the video collection. However, wave
unanswered the question which specific concepts shoulddae us

Above all, we hope that this divide-and-conquer approachgus
large numbers of semantic concepts as an intermediate \éiter

allow us to develop thousands of concepts that can be somewha

reliably identified in many contexts, and with sufficient raens
of these concepts available, covering a broad spectrumsdjlei
things, users will finally be able to bridge the semantic ghip.
timately, this paper arrives at the conclusion that “cotdesed”
video retrieval with fewer than 5000 concepts, detecteth wiin-
imal accuracy of 10% mean average precision is likely to ioie@v
high accuracy results, comparable to text retrieval on thb,vin
a typical broadcast news collection. These observationssmive
as a starting point for the future investigations instdimgasuch a
large collection of concepts for retrieval.
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