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Preliminary Information

Content-Based Multimedia Retrieval Content-Based Feature Representation

1. Feature extraction:
« extract the objects’ inherent properties (features)
= example image features: local color descriptors (RGB, SIFT, ...)
« represent each object via its feature distribution in some

feature space

Goal: search for similar multimedia objects based on their contents
» extract objects' inherent properties (features)
« define similarity between two objects

Possible applications/tasks include
« retrieval: image, video, audio, music, text search
« content analysis: copy, duplicate, near-duplicate detection
» mining: classification, clustering, outlier detection
« exploration: browse and navigate through large databases

2. Feature aggregation:
« aggregate the objects' feature distributions
= store the features more compact in some kind of feature
representation which can be compared more efficiently

Example feature representations:
o feature histograms, feature vectors
s feature signatures = bag of local features

Feature Extraction Process Feature Signatures

4 Adjust to individual multimedia objects by
- ¥ * ) . p
clustering of + . replese_ntmg objects !Jy sets of (local) features
features + feature « clustering these sets individually
" P A signatures « storing the cluster centroids ¢”* and
Ty “e + the corresponding weights w”
— | feature P
extraction P * feature
- — | 0 i, e aggregalion Definition:
. g .
- a L) a L
| ~ Pl o S ={{(c""w”),i=1,...,n}
T ; L wp featire .
database feature space partitioning histograms Feature mgnatur.?s ‘
of the feature | . « are more flexible than feature histograms
space " . . .
. « achieve a good balance between expressiveness and efficiency

! e can be compared using adaptive similarity measures [1] which

apply a ground distance among centroids
[1]C. Beecks, M. 5. Uysal, T. Seidl. A Camparative Study of Similarity Measures for Content-Based Multimedia Retrieval.
IEEE ICME 2010,



Signature Quadratic Form Distance

Quadratic Form Distance Signature Quadratic Form Distance

Idea: '™ B II. Definition: T e
« generalize the concept of

— T » given two feature signatures X T I
Quadratic Form Distance [2,3] U m L 8T = {{ehwh i = L.....n} R e
QFDART R = (Rt = By A fhe = ho)T ¥ : : 5§ = {{c!,wi| i = 1,..., m}

New: ¢ « asimilarity function f.(ci, ¢;) — R comparing centroids

« adapt cross-dimension concept to : « Signature Quadratic Form Distance [4,5] is defined as follows:
compare feature signatures TN | TN D g goy _ 1 . T

« make use of an inherent similarity | © . . | © . SQFDy,(5%,8%) = V/(wq| —wo) - Ay, - (wq] — wo)
function comparing all centroids ' - Properties:

with each other » concatenation of weights (| - wa) = (wi... wl—wf, ... —ui)

» similarity matrix is determined dynamically
« each entry models similarity between two centroids

18] €. Beecks, M. 5. L
[5] C. Beecks, M. 5.

12 € Falonesos, B Barber, M. Flickner, | Hafner, W, Niblack, 1. Perkovie, W. Equicz, Efficient and Effective Querving
b Image Content. Journal of Intelligent Informacion Svstems 14,
131 Seidl, H.P, Kriegel, Efficient User-Adaptable Similarity Search in Large Multimedia Databases, VLR 1ag7

esal, T Seidl. Signature Quadratic Form Distances for Content-Based Similarity. ACM Multimedia 1000,
vaal, T. Seidl. Signature Quadratic Form Distance. ACM CIVR 2010,

Example Performance Evaluation

« given the following feature signatures: » Effectiveness (Mean Average Precision):

. B e e e ) 5 o - . S— . _ R
S = {{(%), 050, ((2).0.5)} §° = ({5,055 (1.0.25), ((%).0.25}} database | SQFD,_| SQFD;, | SQFD,, T HD [PMID [WCD [ EMD [a;, Tay,
Wang 0.5492 0.598 0.613 | 0.508 0476 | 0591 | 0588 [ 27 [ 0.8
) J Coilii 0,72 0.721 0.776 | 0,425 | 0606 | 0726 | 0710 | 27| 0.6
MIR Flicks 10336 0.338 | 0.343 | 0307 | 0822 | 0335 | 0333 | 25| 04
] (-_1_} {f_.') W] 1if objects 0,117 0128 0.139 | 0.072 0,005 | 0017 | 0,141 | 1.4 | 1.4
(gl —we)=( 0.5, 0.5, —05, -0, —035 ) average: 0443 0446 | 0.468 | 0,278 | Davr | 0442 | 0.446
« by using /fi{(ei, ;) = ;{7 we obtain the similarity matrix: « Efficiency (Computation time in milliseconds):
databaze se | SQFD, | SQFD, | 5QFD;, | HD [ PMID | WCD | EMD
1 0135 0195 I3T 0167 Wang 1000 1589 5651 | 1270 | 1an0 | ZHA | 6loa | 45s09
0131 62 0309 0143 Coil 100 7200 | I9SLA | 24220 | 47AAs | 6313 26012 | 19303.2
Ar. 0165 02 1 15T G122 MIR Flicke | 25000 02547 | 113000 | 238311 | 27015 12572.2 | 73182.9
UAST D0 0057 1 0L 10labjects | D196 34432 12236 | R434.9 | 10105 16082 | 33206.7
UAST 0043 0422 a0s 1 aveTage: TG W52 6 | UeRlZ | 11220 0067 | 526700
o thus the Signature Quadratic Form Distance becomes:
5QFD,, (8%,5) o= A = « Signature Quadratic Form Distance can outperform state-of-

= 008, the-art similarity measures



Similarity Matrix Compression

Idea

+ Allow feature signatures to share the same centroids

= Use this "global information” to compress the similarity
matrix of the Signature Quadratic Form Distance

« Furthermore: use precomputation possibilities

« Result: We are able to compute Signature Quadratic
Form Distance more efficiently

Similarity Matrix Compression

By making use of centroid structure given by the global
components of the sorted weight vectors, we compress the
similarity matrix:

ol o [: o « e
e S Sz S FO
N 4 A
.21 I I I P a
el | 4 4
el A | A | A | As
A A’

and compute the Signature Quadratic Form Distance as:

SQFDAIS®, §) = /(@ — ahla| — )~ A - (T — ]

Global and Local Components

Split feature signatures into two parts:
= Global components 87 and 5} storing shared information

fe,uf) € 87,

w'y € 87},

85 = {lew) e8| eR”
5 = {leuw)E 5| T e R ¢ |

[l

« Local components 5] and 57 storing individual information

o= §NE7
s7 = SST
Example

Consider the following feature signatures:
59 = {{(3).0.5), (7). 04 {(5). 0.1}}

59 = {{(3), 03, (. 030, (), 04)}
and the sorted weight vectors:

wd = (0.5, 0.4 0.1)

W = (0.3, 0.3 0.4)

We can compute the Signature Quadratic Form Distance as:

SQFD(59.5%) = /05— 0.3, 04— 0.3 [0.1] —0.4)- A ...

Sorted Weight Vectors

Rearrange the weights of the feature signatures w.r.t. global and
local components to obtain the sorted weight vectors:

@ = (@YY = (. B E ),
@ = (@) = (@ B[R, ),

under the following conditions:

(i) Wil <é=k Zo

{e, @) e S5 A (e, @)
(i) Wik+1<i<n, 3e
(i) Wik+1<i<m, 3o (cw™) e S,
(iv) Wijl=ij<wn i#j Jeo

(e

{fiv) Whjl=<ij<m i#7 dec.

SUa e @) e S hete,

{e ™) e §* A e i e 8P ac#

Structure of the Compressed Similarity Matrix

«+ 3x3 block structure according to global and local components:

« Blue block can be computed before a query is given
= Green blocks can be computed once the query is issued



Experimental Evaluation and Conclusions

Experimental Setup Efficiency Evaluation
We generated feature signatures by « Average computation times in milliseconds by using
« varying in the number of centroids: 100 - 800 similarity matrix compression with precomputation
« setting the centroid dimensionality: 7 Si70 of fealurc Signaiures
» choosing the weights randomly (%) | 100 200 100 800 | sy
; o dee 00 B0 | 3.4 | 1271 | 8078 | 206.05 | 9.0
» changing the ratio ¢, of global centroids: 0% - 80% 60 | 695 | 2767 | 11045 | 1501 | 11

1| 1124 1493 | 17943 | T20.15 | 2.6
200 | 16,09 | 6449 | 25760 | 1033.564 | 1.8
0| 28,81 | L1496 | 459.89 | 184417

We computed the Signature Quadratic Form Distance using
the similarity function a;; = e~ =2(¢i:¢i)/2

« and without precomputation:

size of feature signatures
(_-g(%.) 100 200 lib} ] s
S0 1037 4156 | 166,12 63,7 | 2.8

GO | 14.21 228.09 a905.16 | 2.0

| 18.35 297.93 | 1181.04 | 1.6

20 | 23.25 47431 | 1493.24 | 1.2

0| 2881 | L1496 | 45989 | 184417

Summary Future Work

« Signature Quadratic Form Distance is a generalization of the + So far, we evaluated the similarity matrix compression
Quadratic Form Distance appraoch only theoretically

« Signature Quadratic Form Distance can compare feature « We plan to evaluate the effectiveness of our approach on
signatures of different size and structure different multimedia databases

« Similarity matrix compression uses global information « We plan to incorporate the extraction of global
among the feature signatures information in the feature extraction process

« Qur approach improves the efficiency of single distance « Open question: How to index feature signatures according

computations by a factor up to g9 to global components?



Content-Based Multimedia Retrieval

Goal: search for similar multimedia objects based on their contents
e extract objects’ inherent properties (features)
e define similarity between two objects

Possible applications/tasks include
e retrieval: image, video, audio, music, text search
« content analysis: copy, duplicate, near-duplicate detection
« mining: classification, clustering, outlier detection
 exploration: browse and navigate through large databases



Content-Based Feature Representation

I. Feature extraction:
« extract the objects' inherent properties (features)
« example image features: local color descriptors (RGB, SIFT, ...)

 represent each object via its feature distribution in some
feature space

2. Feature aggregation:
« aggregate the objects' feature distributions

o store the features more compact in some kind of feature
representation which can be compared more efficiently

Example feature representations:
o feature histograms, feature vectors
« feature signatures = bag of local features



Feature Extraction Process
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Feature Signatures

Adjust to individual multimedia objects by
e representing objects by sets of (local) features
e clustering these sets individually
e storing the cluster centroids ¢”* and
the corresponding weights w®

Definition:
SC ={{c”",w?),i=1,...,n}

Feature signatures
 are more flexible than feature histograms
e achieve a good balance between expressiveness and efficiency
e can be compared using adaptive similarity measures [1] which
apply a ground distance among centroids

[1] C. Beecks, M. S. Uysal, T. Seidl. A Comparative Study of Similarity Measures for Content-Based Multimedia Retrieval.
IEEE ICME 2010.



Signature Quadratic Form Distance

Quadratic Form Distance Signature Quadratic Form Distance

Idea: '™ B II. Definition: T e
« generalize the concept of

— T » given two feature signatures X T I
Quadratic Form Distance [2,3] U m L 8T = {{ehwh i = L.....n} R e
QFDART R = (Rt = By A fhe = ho)T ¥ : : 5§ = {{c!,wi| i = 1,..., m}

New: ¢ « asimilarity function f.(ci, ¢;) — R comparing centroids

« adapt cross-dimension concept to : « Signature Quadratic Form Distance [4,5] is defined as follows:
compare feature signatures TN | TN D g goy _ 1 . T

« make use of an inherent similarity | © . . | © . SQFDy,(5%,8%) = V/(wq| —wo) - Ay, - (wq] — wo)
function comparing all centroids ' - Properties:

with each other » concatenation of weights (| - wa) = (wi... wl—wf, ... —ui)

» similarity matrix is determined dynamically
« each entry models similarity between two centroids

18] €. Beecks, M. 5. L
[5] C. Beecks, M. 5.

12 € Falonesos, B Barber, M. Flickner, | Hafner, W, Niblack, 1. Perkovie, W. Equicz, Efficient and Effective Querving
b Image Content. Journal of Intelligent Informacion Svstems 14,
131 Seidl, H.P, Kriegel, Efficient User-Adaptable Similarity Search in Large Multimedia Databases, VLR 1ag7

esal, T Seidl. Signature Quadratic Form Distances for Content-Based Similarity. ACM Multimedia 1000,
vaal, T. Seidl. Signature Quadratic Form Distance. ACM CIVR 2010,

Example Performance Evaluation

« given the following feature signatures: » Effectiveness (Mean Average Precision):

. B e e e ) 5 o - . S— . _ R
S = {{(%), 050, ((2).0.5)} §° = ({5,055 (1.0.25), ((%).0.25}} database | SQFD,_| SQFD;, | SQFD,, T HD [PMID [WCD [ EMD [a;, Tay,
Wang 0.5492 0.598 0.613 | 0.508 0476 | 0591 | 0588 [ 27 [ 0.8
) J Coilii 0,72 0.721 0.776 | 0,425 | 0606 | 0726 | 0710 | 27| 0.6
MIR Flicks 10336 0.338 | 0.343 | 0307 | 0822 | 0335 | 0333 | 25| 04
] (-_1_} {f_.') W] 1if objects 0,117 0128 0.139 | 0.072 0,005 | 0017 | 0,141 | 1.4 | 1.4
(gl —we)=( 0.5, 0.5, —05, -0, —035 ) average: 0443 0446 | 0.468 | 0,278 | Davr | 0442 | 0.446
« by using /fi{(ei, ;) = ;{7 we obtain the similarity matrix: « Efficiency (Computation time in milliseconds):
databaze se | SQFD, | SQFD, | 5QFD;, | HD [ PMID | WCD | EMD
1 0135 0195 I3T 0167 Wang 1000 1589 5651 | 1270 | 1an0 | ZHA | 6loa | 45s09
0131 62 0309 0143 Coil 100 7200 | I9SLA | 24220 | 47AAs | 6313 26012 | 19303.2
Ar. 0165 02 1 15T G122 MIR Flicke | 25000 02547 | 113000 | 238311 | 27015 12572.2 | 73182.9
UAST D0 0057 1 0L 10labjects | D196 34432 12236 | R434.9 | 10105 16082 | 33206.7
UAST 0043 0422 a0s 1 aveTage: TG W52 6 | UeRlZ | 11220 0067 | 526700
o thus the Signature Quadratic Form Distance becomes:
5QFD,, (8%,5) o= A = « Signature Quadratic Form Distance can outperform state-of-

= 008, the-art similarity measures



Quadratic Form Distance

Idea:
« generalize the concept of
Quadratic Form Distance [2,3]

QFDA(RY,h°) = \/(he — he) - A - (h? — ho)T

New:
e adapt cross-dimension concept to
compare feature signatures
« make use of an inherent similarity

function comparing all centroids
with each other

=¥

[2] C. Faloutsos, R. Barber, M. Flickner, ]. Hafner, W. Niblack, D. Petkovic, W. Equitz. Efficient and Effective Querying
by Image Content. Journal of Intelligent Information Systems 1994.
[3] T. Seidl, H.P. Kriegel. Efficient User-Adaptable Similarity Search in Large Multimedia Databases. VLDB 1997.



Signature Quadratic Form Distance

e, d;
| ¥

Definition: A 2 N
e given two feature signatures X T T
. “_‘j\\'lf_; . +¢-:_ " . w++( B ---+£_I ,
ST = {{cf,wi)| i =1,...,n}

=y
=¥

S? = {{cf,wH)|i=1,...,m}

e a similarity function fs(c;,c;j) — R comparing centroids
e Signature Quadratic Form Distance [4,5] is defined as follows:

SQF Dy, (8%,8%) = \/(wq| — wo) - Ay, - (wq| — wo)T

Properties:
o concatenation of weights (wq| —wo) = (wf,...,wi, —w?, ..., ~w},)
o similarity matrix is determined dynamically
 each entry models similarity between two centroids

[4] C. Beecks, M. S. Uysal, T. Seidl. Signature Quadratic Form Distances for Content-Based Similarity. ACM Multimedia 2009.
[5] C. Beecks, M. S. Uysal, T. Seidl. Signature Quadratic Form Distance. ACM CIVR 20r10.



Example

o given the following feature signatures:
ST = {((%),0.5),((),0.5)} S = {{(1).0.5), ((?),0.25), ((),0.25)}

4 4
SINCINCINNG

(wg| —wo) = ( 0.5, 0.5, —0.5, —0.25, —0.25 )

e by using f.(ci, ¢j) = t7;;— we obtain the similarity matrix:

/ 1 0135 0.195 0.137 0.157
0.135 1 0.2 0.309 0.143
Ap. = | 0195 0.2 1 0.157 0.122
0.137 0.309 0.157 1  0.195
0.157 0.143 0.122 0.195 1

o thus the Signature Quadratic Form Distance becomes:

SQFDfs(Sqa SO) = \/(qu\ —wo) - Ag, - (wq| — we)T
= 0.808.



Performance Evaluation

« Effectiveness (Mean Average Precision):

database | SQFD;_ | SQF Dy, | SQFD;, | HD | PMHD | WCD | EMD | ay, | ay,
Wang 0.592 0.598 0.613 | 0.308 0.476 | 0.591 | 0.598 | 2.7 | 0.9
Coil100 0.726 0.721 0.776 | 0.425 0.606 | 0.726 | 0.710 | 2.7 | 0.6
MIR Flickr 0.336 0.338 0.343 | 0.307 0.322 | 0.335 | 0.333 | 25| 0.6
101o0bjects 0.117 0.128 0.139 | 0.072 0.105 | 0.117 | 0.141 | 1.4 | 1.6
average: 0.443 0.446 0.468 | 0.278 0.377 | 0.442 | 0.446

e Efficiency (Computation time in milliseconds):

database size | SQFD;_ | SQFDy, | SQFDy, HD [ PMHD | WCD | EMD
Wang 1000 458.9 565.1 1127.0 136.0 234.4 615.3 | 4880.9
Coil100 7200 1981.5 2422.9 4753.8 | 631.3 | 1084.6 | 2591.2 | 19393.2
MIR Flickr | 25000 9254.7 11399.0 22821.1 | 2701.5 | 4635.6 | 12572.2 | 73182.9
101o0bjects 9196 3443.2 4223.6 8434.9 | 1019.5 | 1749.7 | 4608.2 | 33226.7
average: 3784.6 4652.6 9284.2 | 1122.0 | 1926.1 5096.7 | 32670.9

e Signature Quadratic Form Distance can outperform state-of-

the-art similarity measures




Similarity Matrix Compression

Idea

+ Allow feature signatures to share the same centroids

= Use this "global information” to compress the similarity
matrix of the Signature Quadratic Form Distance

« Furthermore: use precomputation possibilities

« Result: We are able to compute Signature Quadratic
Form Distance more efficiently

Similarity Matrix Compression

By making use of centroid structure given by the global
components of the sorted weight vectors, we compress the
similarity matrix:

ol o [: o « e
e S Sz S FO
N 4 A
.21 I I I P a
el | 4 4
el A | A | A | As
A A’

and compute the Signature Quadratic Form Distance as:

SQFDAIS®, §) = /(@ — ahla| — )~ A - (T — ]

Global and Local Components

Split feature signatures into two parts:
= Global components 87 and 5} storing shared information

fe,uf) € 87,

w'y € 87},

85 = {lew) e8| eR”
5 = {leuw)E 5| T e R ¢ |

[l

« Local components 5] and 57 storing individual information

o= §NE7
s7 = SST
Example

Consider the following feature signatures:
59 = {{(3).0.5), (7). 04 {(5). 0.1}}

59 = {{(3), 03, (. 030, (), 04)}
and the sorted weight vectors:

wd = (0.5, 0.4 0.1)

W = (0.3, 0.3 0.4)

We can compute the Signature Quadratic Form Distance as:

SQFD(59.5%) = /05— 0.3, 04— 0.3 [0.1] —0.4)- A ...

Sorted Weight Vectors

Rearrange the weights of the feature signatures w.r.t. global and
local components to obtain the sorted weight vectors:

@ = (@YY = (. B E ),
@ = (@) = (@ B[R, ),

under the following conditions:

(i) Wil <é=k Zo

{e, @) e S5 A (e, @)
(i) Wik+1<i<n, 3e
(i) Wik+1<i<m, 3o (cw™) e S,
(iv) Wijl=ij<wn i#j Jeo

(e

{fiv) Whjl=<ij<m i#7 dec.

SUa e @) e S hete,

{e ™) e §* A e i e 8P ac#

Structure of the Compressed Similarity Matrix

«+ 3x3 block structure according to global and local components:

« Blue block can be computed before a query is given
= Green blocks can be computed once the query is issued



Idea

 Allow feature signatures to share the same centroids

 Use this "global information” to compress the similarity
matrix of the Signature Quadratic Form Distance

« Furthermore: use precomputation possibilities

e Result: We are able to compute Signature Quadratic
Form Distance more efficiently



Global and Local Components

Split feature signatures into two parts:
o Global components Sg and S|, storing shared information

S¢ = {lc,w) e S| I €RT :{c,w') € SP},
S = {{c,w) €SP | Fw € R : {e,w) € S},

e Local components S/and S? storing individual information

S o= SN,
Sy = SP\S}.



Sorted Weight Vectors

Rearrange the weights of the feature signatures w.r.t. global and
local components to obtain the sorted weight vectors:

w? = (ﬂjg|{5?) = (ﬂlea ce e ,U"‘}’Qkh‘b@k—l—lj_ o ’ﬂ}'q”)’
W= (@|]) = (@ BB P,

under the following conditions:
(i) Vil<i<k, 3
(e, ") € ST A (¢, @) € S,
(i) Vik+1<i<n, Je. (c,w’) € S/,
(i) Vik+1<i<m, dc (c,w") € ST,
(iv) Vi, j1<4,5<mn,i#j, 3e,c.
(c,0") € STA (', w) € 8T Nec# ¢,
(iv) Vi,j1<i,5<m,i+#3j, Je,c.
(c, ") € SP A {(c,wPi) € SP Ne # C.



Similarity Matrix Compression

By making use of centroid structure given by the global
components of the sorted weight vectors, we compress the
similarity matrix:

c, ¢ ¢y ¢ c,=c, ¢/ ¢
—A— v O—H
|
4 — ., F
C{;{ AII A]E A13 AH C‘g—Cg{ An A| AM :

q L4
&F A, Ay Ay A, E> ¢

P
cg{ Ay | Ay LAy 1A, Cf{ A,

P
c, Ay | A 1 A | Ay,

A A’

h;

e

RN
S

and compute the Signature Quadratic Form Distance as:
SQFDA(S®. §7) = /(@) — @h|if] — ) - A’ - (i — || — )"




Example

Consider the following feature signatures:

S ={((3),0.5),((}),0.4),((5),0.1)}
S° = {{(3),0.3),((}),0.3),((3),0.4)}

and the sorted weight vectors:

w? = (0.5, 0.4 ]0.1)

w° = (0.3, 0.3 ]0.4)

We can compute the Signature Quadratic Form Distance as:

SQFD(S%,5°) = +/(0.5—-0.3, 04—03]0.1| —0.4)-A"-...



Structure of the Compressed Similarity Matrix

e 3x3 block structure according to global and local components:

A /

 Blue block can be computed before a query is given
« Green blocks can be computed once the query is issued



Experimental Evaluation and Conclusions

Experimental Setup Efficiency Evaluation
We generated feature signatures by « Average computation times in milliseconds by using
« varying in the number of centroids: 100 - 800 similarity matrix compression with precomputation
« setting the centroid dimensionality: 7 Si70 of fealurc Signaiures
» choosing the weights randomly (%) | 100 200 100 800 | sy
; o dee 00 B0 | 3.4 | 1271 | 8078 | 206.05 | 9.0
» changing the ratio ¢, of global centroids: 0% - 80% 60 | 695 | 2767 | 11045 | 1501 | 11

1| 1124 1493 | 17943 | T20.15 | 2.6
200 | 16,09 | 6449 | 25760 | 1033.564 | 1.8
0| 28,81 | L1496 | 459.89 | 184417

We computed the Signature Quadratic Form Distance using
the similarity function a;; = e~ =2(¢i:¢i)/2

« and without precomputation:

size of feature signatures
(_-g(%.) 100 200 lib} ] s
S0 1037 4156 | 166,12 63,7 | 2.8

GO | 14.21 228.09 a905.16 | 2.0

| 18.35 297.93 | 1181.04 | 1.6

20 | 23.25 47431 | 1493.24 | 1.2

0| 2881 | L1496 | 45989 | 184417

Summary Future Work

« Signature Quadratic Form Distance is a generalization of the + So far, we evaluated the similarity matrix compression
Quadratic Form Distance appraoch only theoretically

« Signature Quadratic Form Distance can compare feature « We plan to evaluate the effectiveness of our approach on
signatures of different size and structure different multimedia databases

« Similarity matrix compression uses global information « We plan to incorporate the extraction of global
among the feature signatures information in the feature extraction process

« Qur approach improves the efficiency of single distance « Open question: How to index feature signatures according

computations by a factor up to g9 to global components?



Experimental Setup

We generated feature signatures by
e varying in the number of centroids: 100 - 800
e setting the centroid dimensionality: 7
e choosing the weights randomly
e changing the ratio c, of global centroids: 0% - 80%

We computed the Signature Quadratic Form Distance using
the similarity function a;; = e L2(cic;)/2



Efficiency Evaluation

e Average computation times in milliseconds by using
similarity matrix compression with precomputation

size of feature signatures
cq (%) 100 200 400 800 | sy
80 | 3.14 | 12.71 50.78 | 206.05 | 9.0

60 | 6.95 | 27.67 | 110.45 | 445.04 | 4.1

40 | 11.24 | 4493 | 179.43 | 720.15 | 2.6

20 | 16.09 | 64.49 | 257.65 | 1033.54 | 1.8

0| 28.81 | 114.96 | 459.89 | 1844.17

« and without precomputation:

size of feature signatures
cq(%) 100 200 400 800 | sf
80 | 10.37 | 41.86 | 166.12 663.7 | 2.8

60 | 14.21 | 56.54 | 228.09 | 905.16 | 2.0

40 | 18.35 | 73.76 | 297.93 | 1181.04 | 1.6

20 | 23.25 | 93.39 | 374.31 | 1493.24 | 1.2

0| 28.81 | 114.96 | 459.89 | 1844.17




Summary

e Signature Quadratic Form Distance is a generalization of the
Quadratic Form Distance

e Signature Quadratic Form Distance can compare feature
signatures of different size and structure

 Similarity matrix compression uses global information
among the feature signatures

« Our approach improves the efficiency of single distance
computations by a factor up to 9



Future Work

 So far, we evaluated the similarity matrix compression
appraoch only theoretically

e We plan to evaluate the effectiveness of our approach on
different multimedia databases

« We plan to incorporate the extraction of global
information in the feature extraction process

e Open question: How to index feature signatures according
to global components?



Thank you for your attention.

Questions ?

Contact: Christian Beecks
beecks@cs.rwth-aachen.de



