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';h [evikn Oswpnon

= 2XE01AKO JovTeAO — SQL, oxediaopoc BA

s [Tpoxwpnueva Bepara
« KaTavepnuevec Baoeic
= RAID
= Authorization / Stat. DB
» Spatial Access Methods
» AEIKkTOOOTNON MNMOAUNECWV



':h [MoAupETa- AEMTOPEPWC

= [MoAupEoa
# = Motivation / opiouoc npoBAnpaToc
= Kupia 1d€a / time sequences
= EIKOVEC
= Sub-pattern matching

= AuTOpaTn €€aywyn XapakTnpIoTIKWYV /
FastMap



vl MPoBANLa

AoBeioac piac yeyainc cuA\oync
(noAupEeCIKWV) eyypapwv (ny. HETOXEG)

EniTpenel ypnyopa, EpwTnuaTa
OMOIOTNTAC



VB EQappoyés

= time series: XpnUATOOIKOVOUIKA,
marketing (click-streams!), ECGs, nxoc;

= EIKOVEC: 1ATPIKN, WYNPIakeS BiIBAIOONKEC,
€KMAidEUOn, TEXVN

= higher-d onuara: eniornuovikec BA (niy.
aocTpopuolkn, 1aTpikn (MRI
akTIivoypagiec), wuxaywyia (video)



y

Mapadeiyuata EpwTnuaTwy

= Bpec 1aTpikec unoBeceIC NapoOUOoIEC Kal
TOU K. Nanadonoulou

s Bpec (euyn PETOXWV NMOU KIVOUVTAl HE
OUYXPOVIOUO

= Bpec (euyn eyypagwv nou &ival
napopoia (AoyokAonia;)

= Bpec npoowna napopola pe Tou ‘Tiger
Woods'



,:h AenTou. opIopOC NPOPRANUATOC:

MpoBAnua:
= 000€i0ac pIac cUANOYNC NOAUNECIKWYV
AVTIKEIMEVWY,

= BPEC AUTA MOU €ival Napopola e eva
€NIOUPNTO AVTIKEIPEVO-EPWTNUA

= VI napadeiyua:
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':.h Tunol EpWTNUATWV

= OAIKN TAUTION €v. sub-pattern match

= EPWTNUATA EUPOUC €V. MANCIECTEPWV
YEITOVWV

= OAa Ta (euyn epwTnua (all pairs queries
or spatial joins)




.:h 2TOYOI OXE0IOU

= [priyopa (ypnyopoTepa ano oeip.
avalnTnon)

= '0pBO’ (NX., OXI WEUTIKOI GUVAYEPHOI, OX!
AaBoc¢ anoppiyeic)



':h [MoAupETa- AEMTOPEPWC

= [MoAupEoa
= Motivation / opiopoc npoBANuaAToq
= Kupia 10€a / time sequences
= EIKOVEC
= Sub-pattern matching

= AuTOpaTn €€aywyn XapakTnpIoTIKWYV /
FastMap



.:h KevTpikn 10€a

= [1X., XPOVIKEC akoAouBiec, ‘OAIKN
TauTion’, EpwTNUATa €Upouc, EukAcideia

anooTaon
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.;h KevTpikn 10€a

= H CIKO)\OU@ICIKI‘] CIVCICI‘]TI‘]OI’] OOUAEUEI —
Nwc MNOPEI va Yivel nio ypnyopa;



,‘-h 16¢a: *GEMINT’

(GEneric Multimedia INdexIng)

EEnyaye pepika apiBunTika
XapakTNPIOTIKA, YIa ‘Ypryopo Kal
NPOXEIPO’ EAEYXO



,‘-h \GEMINI' - MapacTaTika
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B GEMINI

Auon: ‘Tpnyopo-kal-npoxeipo' PIATPO:

s £ENvaye 17 xapaktnpioTika (apibuouc,
nx., avg, KTA.)

= NpOPale o€ Eva onueio oTo 77-01G0TATO
XWPO XapaKTNPIOTIKWV

= OPYAVWOE TA OnUeia Pe eToiun spatial
access peBodo (‘SAM")

= Anoppiye false alarms



B GEMINI

>nuavTiko: E: nw¢ va eyyunBei anouoia
WEUOWV anoppiPewv;

Al: diatnpnon anooTacswv (aAAa:
OUOKOAO/akaTopOwWTO)

A2: Lower-bounding Anuua: av n
anoTunwon ‘kKavel Ta npayuaTa va ivai
EYYUTEPA’, TOTE OEV UNAPYXOUV WEUOEIC
anoppPIYEIC



B GEMINI

2 NUAvTIKO :

Q: nwc va eEayoupE Ta XapakTnpIoTIKA?

A: “Eav exw PJOvo £vav apibuo yia va
NEPIYPAWW TO AVTIKEIPEVO LOU Molo Ba
ENPENE va ivalr auto?”



"-h Xpovikec AKOAOUBIEC

Q: nola XapakTnpIoTIKa?



':h Xpovikec AKOAOUBIEC

Q: nNoia XapakTnpIoTIKA?

A: ZuvteleoTec Fourier (Ba Touc OOUE
OTNV OUVEXEIQ)



|"h XPOVIKEG AKOAOUBIEG

white noise brown noise

White Hoise Browm Hoise
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|"h XPOVIKEG AKOAOUBIEG
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.:h Xpovikec AKOAOUBIEC

= 2UUNEPACHA: Ol XpwpaTikol Bopuol
npooeyyidovTal ano TouC NPWTOUC
Fourier OUVTEAEOTEC

= O1 xpwpaTikoi 6opuBol epgavidovTal
oTnV QUON



':h XpovIKeG AKOAOUBIEG

= brown noise: TipyeC peToxwv(1/f2 energy
spectrum)

= pink noise: works of art (1/f spectrum)

= black noises: de€apevec vepou (1/fP
b>2)

= (slope: related to 'Hurst exponent’, for
self-similar traffic, like, eg.
Ethernet/web [Schroeder], [Leland+]



k'thovméq AkoAouBiec-AnoTeAeouaTa

= KpATNOE TOUC NpwTouc 2-3 Fourier
OUVTEAEOTEC

= [MI0 ypriyopac ano akoAouBiakn
avalnTnon

= NO false dismissals (see book)
—— TS

. . - cleanup-time
time ° - .
D r-tree time

. ——y—t
# coeff. kept



XpoVIKEC AKONOUBIEC -
LB BeATioTOnoINGEIG

= BeATioTonomoeic/napalhayec:
[Kanellakis+Goldin],
[Mendelzon+Rafiei]

= Mnopouv va xpnoiuonoinéouv
Wavelets, or DCT

= Mnopouv va xpnoigonoinfouv segment
averages [Yi+2000]



,:h [MoAupeoika Asdopeva

= [MoAupeoika dedopeva
= KivnTpo/ opiopoc npoBARHaToq
= KUpIa 10€a/ XpoviKeC akoAouBieg
# = EIKOVEC (XpWUad, oxnua)
= Sub-pattern matching

« AuTONaTN €€aywyn XapakTnPIoTIKWV/
FastMap



':.h Images - color

. . COLOR IMAQGE, eg. 2561256
what 1s an 1mage?

A: 2-d array A plas:

" (i, gi,bi)




':.h Images - color

bright red

Color. histograms, |  pink

and distance function L
jorange
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':.h Images - color

Mathematically, the distance function 1s:

dirianstpistopem(B,f) = (F=0)| apn apr ...

-y



':.h Images - color

Problem: ‘cross-talk’:
= Features are not orthogonal ->
= SAMs will not work properly

= Q: what to do?
= A: feature-extraction question



':.h Images - color

possible answers:
= avg red, avg green, avg blue

it turns out that this lower-bounds the
histogram distance ->

= NO cross-talk
= SAMs are applicable



,:h Images - color

performance: Tora o wih g —
{2000 - CPU tiron with fllnring — -

Total thron for malw lqllltm -

CPU time fbor nalve seaquantisl —

SC(J SCan

w/ avg RGB —

1 1 1 1 1 1 1 1
a 0.0 4] ool [+ 1+ o029 .03 0.0 [+ 1+ 73 .08 0.0
Fractice of detshase tiawed

selectivity



':.h Multimedia - Detailed outline

= multimedia
= Motivation / problem definition
=« Main idea / time sequences
= images (color; shape)
= Sub-pattern matching
= automatic feature extraction / FastMap



,:h Images - shapes

= distance function: Euclidean, on the
area, perimeter, and 20 ‘'moments’

= (Q: how to normalize them?



.:h Images - shapes

= distance function: Euclidean, on the
area, perimeter, and 20 ‘'moments’

= (Q: how to normalize them?
= A: divide by standard deviation)



,:h Images - shapes

= distance function: Euclidean, on the
area, perimeter, and 20 ‘'moments’

= (Q: other ‘features’ / distance
functions?



.:h Images - shapes

= distance function: Euclidean, on the
area, perimeter, and 20 ‘'moments’

= (Q: other ‘features’ / distance
functions?

= Al: turning angle
= A2: dilations/erosions
= A3 .. )



,:h Images - shapes

= distance function: Euclidean, on the
area, perimeter, and 20 ‘'moments’

= Q: how to do dim. reduction?



,;h Images - shapes

= distance function: Euclidean, on the
area, perimeter, and 20 ‘'moments’

= Q: how to do dim. reduction?

= A: Karhunen-Loeve (= centered
PCA/SVD)



':.h Images - shapes

s Performance: ~10x faster

log(# of I/0s) i

tHH

«— all kept

# of features kept



.:h Case study: Informedia

= Video database system, developed at
CMU

= 2+ TB of video data (broadcast news)

= retrieval by text, image and face
similarity

www.informedia.cs.cmu.edu/



.:h Case study: Informedia

= hext foils: visualization features
= by space

= Dby time

= Dy concept
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':.h Multimedia - Detailed outline

= multimedia
= Motivation / problem definition
=« Main idea / time sequences
= images (color; shape)
# = Sub-pattern matching
= automatic feature extraction / FastMap



':h Sub-pattern matching

= Problem: find sub-sequences that match the
given query pattern
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.:h Sub-pattern matching

= Q: how to proceed?

= Hint: try to turn it into a ‘whole-matching’
problem (how?)



,:h Sub-pattern matching

= Assume that queries have minimum duration
w, (eg., w=7 days)

= divide data sequences into windows of width
w (overlapping, or not?)



.:h Sub-pattern matching

= Assume that queries have minimum duration
w, (eg., w=7 days)

= divide data sequences into windows of width
w (overlapping, or not?)

= A: sliding, overlapping windows. Thus: trails
Pictorially:



,;h Sub-pattern matching




':.h Sub-pattern matching

i MBR1
n n

17 Ui

] 2

L

sequences -> trails -> MBRs 1n feature space



':.h Sub-pattern matching

i MBR1
n n

Z@g J

] 2

Q: do we store all points? why not?



':.h Sub-pattern matching

i MBR1
n n

1 UG

Pl

L

Q: how to do range queries of duration w?



,:h Sub-pattern matching

(very recent improvement [Moon+2001])
= use non-overlapping windows, for data



':.h Conclusions

= GEMINI works for any setting (time
seguences, images, etc)

= uses a ‘quick and dirty’ filter
= faster than seq. scan

= (but: how to extract features
automatically?)



':.h Multimedia - Detailed outline

= multimedia
= Motivation / problem definition
=« Main idea / time sequences
= images (color; shape)
= Sub-pattern matching
# = automatic feature extraction / FastMap



,:h FastMap

Automatic feature extraction:
= Given a dissimilarity function of
objects

= Quickly map the objects to a (k-d)
“feature' space.

= (goals: indexing and/or visualization)




,:h FastMap
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','h FastMap

= Multi-dimensional scaling (MDS) can do
that, but in O(N**2) time



,‘-h MDS

Multi Dimensional
Scaling




,:h Main idea: projections

We want a linear algorithm: FastMap
[SIGMOD95] o

dai

Ob

dah



l:h FastMap - next iteration




,:h Results

Documents /cosine similarity ->
Euclidean distance (how?)




,:h Results

bb reports




.‘-h Applications: time sequences

= given 1 co-evolving time sequences

= Visualize them + find ruI%sE3 FLICDEOO]

rate
4 JPY

HKD

time



,:h Applications - financial

= currency exchange rates [ICDEOO]
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"-h VideoTrails

[ACM MM97]

‘poitacar -—




.:h Conclusions

= GEMINI works for multiple settings

= FastMap can extract ‘features’
automatically (-> indexing, visual d.m.)
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