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@ 11 Video Similarity @ 11.1 Video Similarity

11 Video Similarity
11.1 IdealVideo Similarity
11.2 VoronoiVideo Similarity

A Similarity is important:
T Ranking of the retrieval results
1 Finding duplicates (different resolution, codlng etc.)
i Detecting copyright infringements
A Variousmeasures for the similarity
i Simple idea: percentage of frames with high visual
similarity
AAnalogous tdranimotosimilarity measure for texts:

percentage of identical words in two texts (relative to the
total number of words)
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@ 11.1 Video Similarity @ 11.1 Video Similarity
A Fundamental step is the identification(afidio) AWe usually have to col
visual features from the frames (time series of i The higherthe number of features, the more
features) properties can be used in the similarity measure (i.e
i Color distribution , motion, etc. — similarity measures get more accurate), but the mor

inefficient is the retrieval process

AIn general, for videos thaccuracy of the scoring
is not the critical factor, buefficiency is very
important

A For efficiency reasons, the
similarity should not be
determined between frames,
but between shots

N\
U
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@ 11.1 Video Similarity

Detoyy

V" 0
A 65,000 videos uploade,:_ e

each day onYouTube

T Prone to duplicates
ARedundancy is severel g ..

hampering video searc n;

i Eliminate duplicates
Awhat are duplicates?
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(@) 111 Video Similarity  DEfgy;

AdbThe i
tonighto
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@ 11.1 Video Signatures

Aldea: select asmall number of features that
represent a video withminimal errors
T Minimize the distance between the video and its

representation zﬁ:«g > NV

i Example: Toun Collns _Fidel Costro Picasso
AFeatures as vectors iR" gfg—j /MA&L&:»_
AEuclidean distance Eivis Presicy Roger Whittaker
AMethod of least squares A ittt

(k-means) " Alfred Hitchcock

ABest cluster representative&{medoid3
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@ 11.1 Video Similarity «”Wonr

AForidenticac opi es i tés easy!
w i tnéar duplicates 6
T Wu,Nguand Hauptmann, 2006)
ANeardupl i cate web videos
differing in:
i File formats

Encoding parameters

Photometric variations (color, lighting changes)
Editing operations (caption, logo and border insertion)
| Different lengths
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(@) 111 Video Similarity  DEfgy;

A Magnitude of the problem: video redundancy on
the web

Tha lion sleeps tamght 792 334 2%
Evalution of dance 483 [F5] 5%
Fold sl 1% 183 25
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3% 2] 3 %
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Hums Gary [7] Er %
Shakirs hips don e 1322 234 R
ndia dring 267 E3 %
Total 1790 | 3u1 75
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@ 11.1 Similarity Measures

A Assumptions

i Each frame is represented through a (high
dimensional) feature vector in a metric spdee
with distance measure (metric)

i The similarity measure (for videos) is invariant with
respect to the shot sequence

AThus, é

T Representation of videos by finite (unordered) sets
feature vectors
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@ 11.1 Similarity Measures @ 11.1 Video Similarity

A Basic idea: compute the percentage of similar
frames in the videos

Ad(x, y) is thedistance (dissimilarity)..
between two feature vectors andy
A Vectors (represented by frames)
x and y arevisually similar,
ifA @h forg at
(independent of the actual values §

T Naive video similarity: the total number of frames
of a video, which are similar to at least one frame in
the other video, divided by the total number of

of x andy) -4 frames
i Approach after Cheung angakhor, 2003
@ 11.1 Video Similarity @ 11.1 Video Similarity
o i lpersdenc + Epey e dwa)<e) A Naive video similarity is oftenot intuitive
wvs(X, ¥ie) = X[+ Y| T Shots may contain many visually similar frames
i E.g., generat¥ through multiplication of a single
T Indicator functionl, for a setA: value ofl if A is not frame fromX. For| Y [>>|X|nvs 8h 9h 3

empty, valu®d otherwise
1 If each frame ilX can be mapped in a similar frame il

Y (and vice versajis= 1
T nvs=0, if there are no similar frames in the two "& ’

videos ’ :l i E ]
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@ 11.1 Video Similarity @ 11.1 Video Similarity

AE.g. frames ofvideéar e mar Kiod w A Solution: consider quantities of similar frames ¢
frames of videor wi toh 0o fundamental units

AThen the ol ntuitti veb T Without regarding the temporal structure
distance is aboud.5, :;3 (repre_sentatic_)n as aeF qf feature vectors) we
the calculated one is oe® combine all visually similar framesdioisters
however,0.9 i Two frames@h  Wbelohg tdthe same cluster if

d(x,y J

i Problem: consistent cutting is not always possible
AifA @h andA Uhs ,then what igwithd(x, z)?
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@ 11.1 Video Similarity

i Insingle link clustering, A @h ibhplies thate

andy are in the same cluster, not vice versa
AThe clustergX], of a videoX are the connected
c omp on eiki GO A Ingrdph 16

T A cluster is called -compact if all the frames of the
cluster haveat most a distance of to one another

i Considering 8  ztheunion of the clusters of two
videos, if a cluster from this set contains the frames
both videos, then they are visually similar
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() 11.1 Video Similarity

A Given: two videos, each represented by two
frames

A Only one cluster containg
frames from both videos,
in total there are
three clusters, X
then,ivs=1/3
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(@) 11.1 IVS Calculation

A Small values of m speed up calculation, but may
distort the results

Consider two videosX andY of the same length
For each frame iiX there is exactly one similar frame
inY (and viceversa)

AThereforeivs = 1
The expected value of the number of similar pairs ir
sample of size m iB(W,,) = m?/|X|
Thus it takes an average ldfs 8agnples to find on
average at least a similar pair

A Other solutions?oronoi  diagrams
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@ 11.1 Video Similarity

ATheIdeal Video Similarity is the percentage of
clustersin 8 gz, which contain frames from
both videos (relative to the total number of
clusters)

2ceixuy], lenx - Leny
X Tl

ivs(X,Y:e) =
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() 11.11VS Calculation

A Naive calculation requires distance calculations
between|X|- |Y|frame pairs ’
A More efficient methods estimate the e
ivs by sampling
T Represent each video through randomly selected
video frames

T Estimate thavs by the number of similar paind/,, in
the samples
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@ 11.2 Voronoi

A GeorgiVoronoi: rusianmathematician
7 Known for theVoronoi diagrams: decomposition of a

metric space into disjoint parts
i Starting from a: Q
<

Aé metri(Edspace
GeorgiVoronoi

Detoyy

Aé set of dBs®r &te
T Goal:
ADivideF in exactly|X| disjointparts

Aln each of these parts there is just
one point fromX
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@ 11.2 Voronoi Diagrams Detol,_r @ 11.2 Voronoi Diagrams Dﬂfol’_p

T Vor o ntesseliadion:
AEach pointin theq™  r&gion is closer ta; than to any

otherx® 8 xEOE E E . . . .
AGiven a pointJ  “Whigh part of space doesbelong to?

ADetermine the point@d Y whigh *
is the closest taz ]

AIn Euclidean spaces: the st
equidistanfpoints for eachpair
of points, forms éhyperplane

Multimedia Databases
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@ 11.2 Voronoi Diagrams Demm @ 11.2 Voronoi Video Similarity

A Applications areeg in the analysis o
the growth of crystals layouts of spaces

A Simple algorithmic calculatign?) of A For videos we divide the feature space accordir
Voronoi diagrams by grouping area: to the clusters

i For a fixed point calculatall the dividinghyperplanes T Given a video with frames
Merging the planes results in tMeronoi cell X ={a::

i More efficient algorithms exist e.g., in the Euclidean
case: running tim®(n log n)

AVoronoi diagrams are specific geometrical

i TheVoronoi diagramV(X) of X is a division of the
feature spacé&in| Voronoi cells
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@ 11.2 Voronoi Video Similarity @ 11.2 Voronoi Video Similarity

i TheVoronoi cell Vx(2:) contains all vectors if,
which lie closer to the frame, than to all other

1 Voronoi cells are combined for frames of identical
clusters, therefore

frames ofX for ¢'e [X].
Vy(z) = {s € F : gx(s) = and 2y € X}
. Vx (€)=
with g,(s) as the closest frame fror{ to s
i In the case of equal intervals of several frames one Usee Vx(@)
takes forgy(s) usually the frame that is next to a ) )
predetermined point (e.g., the origin) is valid
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@ 11.2 Voronoi Video Similarity

AWe can definesimilar Voronoi regions for two
videos X andY and their twdoronoi diagrams
through

RX.Yie) = |J Vxl@)nli(y)
d(zy)<e
i If x and y are close to one another, then also their
Voronoi cells will intersect. The more similar pairs
there are, the greater the surface area
of the R(X,Y;€)
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@ 11.2 Voronoi Video Similarity

AThe volume o R(X, Y €) isameasure of videc
similarity
A Technical problems:

T TheVoronoi cells must be measurable (volume as a
Lebesguéntegral)

T The feature space is consider
compact (therefore, restricted —
and closed) so volumes
are finite

T For normalizationvol(F) = 1
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@ 11.2 Example

T vvsin the example i9.33, which is also consistent

with the ivs in this example 7
i The reason for the very gooc ox ///
correlation is the similar /
volume of eacNoronoi cell %
T This correlation, is not //
however, generally provided /9’
/
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@ 11.2 Voronoi Video Similarity

A Example: two videos, each with two frames anc
their v
corresponding _ /s
Voronoi cells. o //
The gray area /
is the common y
arecR(X,Y:¢€)
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@ 11.2 Voronoi Video Similarity

A Since both the clusters and theronoic e | | s
overlap, theVoronoi video similarity is

vvs(X, Y e) = Vol(R(X, Y €))
=Vol( [ Vx(e) Vi)

d(z,y)<e

= Z Vol(Vx () N Vi (y))

d(x.y)<e
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@ 11.2 Estimation of VVS

A An estimate ofwvs(X, YR is possible
throughrandom sampling
I Generatem vectorss, ..., (seed vectors) ,
independent and uniformly distributed over the sp&ce
' Check for each seedq if it is located insiddR(X, YR , i.e.,
in anyVoronoi cell . o .
Vy(x) and Vy, U xEOER A ©@h U
Let gy(s;) bethe frame fromXwith the smallest
distance tos,
| Then:
st 2 8fiff. OdAs). s R
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11.2 Estimation of VVS

Altis possible to describe gach vivdm;)through
the m tuple X, := (gx(s; h gx&sh)
A X is calledvideo signature with respect toS

A As a similarity measure for videdsandY we can
now use the degree of overlap betweégandYy

m
Z] digx (si).9v (s:1))<e}

m

vssy(Ns. Ysie,m) =
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11.2 Estimation of VVS

A The numbem of seeds is the
signature length .
i The largerm, the more accurate the estimate
i The smallem, the easier the signature calculation
Almportant issue for the selection oh:
how high is theerror probability?
i Video database with n videos andn seeds
T Constantr > 0 (maximum deviation)

PomM=P( 0t he database con
of videos, for which the difference betweswus and
vss, is greater tharr 6)
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11.2 Estimation of VVS

ADefine  ,(x, V)= vs(X.Vie)

AXLY) = vssy(Xs, Ysie,m)
A UsingHoeffding's inequality we can determine
the maximum probability, that a sum of
independent random and limited variables

deviates with more than a given constant from i

expected value:
Prob(|p(X,Y) = p(X.Y)| = 7) < Z2exp(—27°m)
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11.2 Estimation of VVS

Avss,: basic video signature similarity

A Since the seed vectors are uniformly di§tributgd
the probabiol Pt R OBPresénts
the volume ofR(X, YR thiisvvs(X, YR

Avss, is an unbiased estimator fows

A For video collectionsdentical seeds must be
used for all signature calculatlop‘ Ny 4
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11.2 Estimation of VVS

P,..(m) = Prob( U {Ivvs(X, Y €) — vssy(Xg, Ysre,m)| > q})

XYeA

A A sufficient condition to guarantee for
P, | 7 isthe choice om as

2lnn —Ind

m = o
<7

A Proof: next slides

11.2 Estimation of VVS

A Therefore:
FPor(m) = P\'iill( U |p(X.Y) = p(X.Y)

X.Yea

< Z Prob(|p(X.¥Y) — p(X.Y)| > 7)

X.¥YeA

2

n P
< 5 -'_’M|)(—27“’m]

A Sufficient conditions foP,

O
%-2('“)(—'_)'.2,'“] < é

2lnn —Ind

MET
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11.2 Estimation of VVS

2Inn —Ind

A The bound form is logarithmic of the siza of
the video database

A The smaller the errorr is, the greater the values
chosen form should be

m
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11.2 SeedVector Generation

A Consider cases witivs = 1 / 3, but too small or
too highVoronoi video similarity:

11.2 SeedVector Generation

A To generate the seeds (rather than using the
uniform distribution overF) use a distribution
with density function as follows:

T Given:two videosX, Y

i Distribution density at® ¢ &
. R 1 1
Fe XUY) = 5077 VeltVeor (©))

i Cdenotes the clusterin 8 zwit® u« € Vy y(C)

7/1/2013

11.2 SeedVector Generation

A Thevvsis not always the same #deal video
similarity (ivs)

Aivs andvvs are the same, if the clusters are
evenly distributed over the entire feature space

Mulimedia Databases. Institut fur ! a4

11.2 SeedVector Generation

A Goal: estimation of theivs through
basic video signatures (vss,)even ifivs andvvs
differ
i Since the seeds are spread evenly throughout the
feature space, the estimation is influenced by
various sizes oforonoi cells

i Solution: distribute the seeds evenly over the
Voronoi cells, regardless of their volumes

11.2 SeedVector Generation

Af(u; Xz ) is inversely proportional to the volume
of each cell
T Uniform distribution on the set of clusters

Af(u; Xz Y) is constant within th&oronoi cell of
each cluster
i Equal distribution within each cluster

A Possible generation method for seeds:
T Randomly choose a cluster (uniformly distributed)

T Choose a random point within this cluster (uniformly
distributed)
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@ 11.2 Seed Vector Generation

Alf we do not uniformlyproduceseeds, but with
density/E O N w& pkain khe following
estimator forivs:

[ fwxova
d(z,y)<e Vi (2)N"Vy (¥)

i For/£ ON 8 guliform distripution onF) it is
exactly the definition ofrvs(X, Y;R
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(@) 11.2 VSS;and IVS

A Proof:

i Foreachterminthe sumA @h (tbenx andy
belong to thesame cluster Cin [X], and [Y],.
Thus, one can rewrite the sum as follows:

Z ] flu; X UY) du
Vx (x)nVy ()

d(z.y)<e
- Z Z] flu; XUY) du
CEe[X]N[Y]e zeC Vix (z)NVy (2)
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(@) 11.2 VSS;and IVS

Il

1
— — — du
f":—I.%'EY'- /\'x,r((') [X UY] |- Vol(Vxuy (C))

1 Z f\i\'vv((') du
|[\ U )],I CeXIn). Vol(Vyy (C')
[X]e N [Y]el/I[X UY]e

i Since[X]e N[Y]e | is the set of similar clusters
in[X UY]., the last term is just thévs
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(@) 11.2 VSS;and IVS

A vss, approximatesvs if the clusters are either
identical or very good separated

ATheorem: let X andY be videossuch thatfor all
pairs of clusterg,® 8andc® 9
T Eitherc,= ¢,
T Or all the frames irc, further away with more than
from all frames irc,

AThen:

ivs(X, Yie) = Z j flu: X UY)du
d(z,y)<e ¥ VX (@)NVy ()
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(@) 11.2 VSS;and IVS

1 Due to the definition oloronoi cells, for al z € '
with € € [X].N[Y. :

Vi (2)NVy (2) = Vxuy (2)

T It resultsin:

f flu; X UY) du
d(z,y)<e ! V@V ()

= Z f flu; X UY)du
Vxuy (C)

Ce[X]eN[Y]e
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@ 11.2 Application

At is not possible to use the density functibifor
the estimation ofvs for the calculation of video
signatures
1 The density function ispecific for each pair of

videos, but for comparison within collectiorsgsme
seeds must be used

i For this reason we use a (representative!) training s
T for the definition of the density function
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@ 11.2 Application

A Algorithm  for generating a single seed:
(m independent repetitions of the algorithm
providem seeds)

T Given:
AAvalues g,

AA training set ofT frames, which reflect the collection as
well as possible

i Ildentify all cIuster{sT]JSV of setT
i Choose any cluste# ¢, 4
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@ 11.2 Application

A Experiment:
i15vi deos from ¢tbet e MPESet ¢
A Average lengtt80 minutes
A By means of random deletion of framds)ew videos were
produced from each video, each having0.8, 0.6, 0.4 and 0.2
when compared to the full video
T Then theivs was estimated through thess,

ATwo methods for generating the seeds € 100):
(1) uniformly distributed or- and
(2) based on a test collection @f,000 photographs from the
Corel photo collection
Seed Vectors Uniform Random Corel Images
VS 08 [ 06 [ o4 Jo2 Jos o6 [ o402
Average | 0.873 | 0.499 | 0420 [ 0.166 | 0.828 J0.581 | 0.428 [ 0.187
Stddev | 0.146 | 0.281 | 0.306 | 0.160 || 0.0G0 | 0.083 | 0.051 | 0.046
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@ 11.2 Voronoi Gap

A Consider a feature space withss = 1:

A TheVoronoi regions differ slightly, and therefore do
not fill the entire feature space
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@ 11.2 Application

i Create a seed in the Voronoi cell of the
selected cluster

AGenerate random vectors over the feature space, until on
of them is inV4(C)

A(to simplify this procedure, one can also use a random
frame fromCas seed)
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@ 11.2 Voronoi Gap

Avvs andivs are the same, if clusters are either
identical or clearly separated
i The feature vectors are only an approximation of the
visual perception, therefore, they may contain small
discrepancies within visually similar clusters
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@ 11.2 Voronoi Gap

AIn this example: since thessis defined by the
similarVoronoi regions, it isstrictly smaller than
ivs

A The difference is calculated using the offset (the
free space)

i The greater the difference, the moress
underestimatesvs
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@ 11.2 Voronoi Gap

A Consider seed between the
\Voronoi cells

A Observation:

T The next signature frames
0x(s) andg,(s) for two videosX undY are far apart
from one another:d(gy (s}, gv(s)) = €

T Both signature frames are similar to frames of the
other videos, therefore
thereisan@ dwith@l(x,g, O and
thereisanU  owitld(y, gx O J
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@ 11.2 Voronoi Gap

A One can analytically show that for simple featur
spaces the volume of théoronoigapc a n 0 t
neglected:

i There are usually seeds that fall into ¥@ronoi gap
and distort the estimate of thess

i The smaller they, the smaller th&oronoi gap

I Goal: avoid the use of seeds
which (probably) lie in the
\oronoi gap
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@ 11.2 Seed Generation

A The pure definition of th&oronoi gap does not
help in the verification
i Requires distance calculations between each signai
vector, and all frames of the other videos
T Thus the efficient description of the video would be
invalidated by his signature

T It's enough to assign probabilities for the fact that a
seed is in th&oronoi gap
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@ 11.2 Voronoi Gap

i Therefore: seeds betweéroronoi cells can cause
dissimilar signature vector pairs, even if both vectors
have similar partners in the other videos

AThe Voronoi Gap G (X, Yy for videosX andY
is the setof alld  Wwith&

i d(gy(s). o((s) > 3

i Thereisard dwith@l(x,g, O 4

i ThereisanU owitldd(y, gy O 3
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@ 11.2 Seed Generation

AIf we randomly generate seeds
of whichn lie in theVoronoi
gap, then ivss, of the remaining
(m - n) vectors exactly thevs

A Problem: how to efficiently
recognize whether the vector lies in thdronoi

gap?
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@ 11.2 Seed Generation

A Observation

T Both video sequences have a rougl|
equidistant pair of frames with
respect tos: (X, gy(s)) and (y, 9y(s))

i Itis clear that the pairs themselves are d|SS|m|Iar
X0 O g AT A Ush

i Since the seeds in thédronoi gap are near the
borders of differenv/oronoi cells, one can easily find
such equidistant pairs
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11.2 Criterion

A Given: two videosX, Ywith 3-compact clusters
8 z 9
A For every seed in theVoronoi gap, there is a
vector@ ¢ 8 with ¢ 9
i x is dissimilar tag,(s), therefored(x, gy O
T X andgy(s) are equidistant frons, particularly

A @h @ O h AO ¢ 3
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11.2 Criterion

i Since s is in théoronoi gap, there is & with9
diy,gx O ,and due to the definition of
dg, © h O A UR O

T So one can estimatg/(s) throughy.The triangle
inequality yields:
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11.2 Application

A Define aranking function Q for the signature
vector:

A The further away are seeds from the borders of
Voronoi cells, the higher the value &f(gy(s))
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11.2 Criterion

A Proof:
T Sincesis in theVoronoi gap, we have
d(g«(s). gy O J
T Since clusters are by assumptiorcompactgy(s)
candot be i n txlaedgEa me cl
therefored(gy, O h @ J

i Further: d(x,s) — d(gx(s), s)

< d(@,9v(s)) +dlgv(s),s) — d(gx(s), s)

Mulimedia Databases. Institut fur

11.2 Criterion

A Test whether a seeds is in theVoronoi gap
between a vided and any other random
sequence:

T If there isno vector x¢ w8th,
Ax is dissimilar tagy(s) and

AA @h gOO0 h A ¢ 3
thens is never in th&/oronoi gap betweerX and another
video
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11.2 Application

A Higher values
of Q are
bright, lower
values are
dark
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