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- Extension of time- I: t
series data: Part3 | -
tensor analysis t
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( Part 1 - Roadmap
#' Motivation
 Similarity Search and Indexing
* Feature extraction
* Linear forecasting
* Streaming pattern discovery
* Automatic mining
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Kumamoto U CMU CS

Motivation - Applications

* Web online activities
—Web access logs
—Search volume
—Online reviews

e JoT device data

* Medical, healthcare data
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( Motivation - Applications

* Web access logs
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Kumamoto U

Motivation - Applications 2& ( Motivation - Applications
* Web search volume from Google trends * [oT (Internet of Things) device data
Compare search terms ~

IEmetof THGS e — Civil/automobile infrastructure
—Bridge vibrations [Oppenheim+02]
Interest over time ) News headiines (7)  Forecast ®

Tokyo Gate Bridge
—Road conditions / traffic monitoring

—Environmental data (air/water pollutant

monitoring) =
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. . . . . .
Motivation - Applications E& ( Wish list
* Medical (epidemic) time-series data * Problem 1: find patterns/rules
e.g., measles cases in the U.S. e Problem 2: forecast
Shocks, * Problem 3: find patterns/rules/forecast, with
s e.g., 1941 many time sequences
g ﬁ
8 A“)‘ MH}‘ /\W‘
0 I u\‘w IR ‘
1930 1940 1950 .. 1960 1980 %‘,
Yearly weety) N ———— =
periodicity effect tosos 7 oo o
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Problem #1 E& 4 Problem #2
Given: time-series data (e.g., #clicks over time) Given x,, x, ;, ..., forecast x,, ,
Find: patterns, periodicities, and/or compress
s 90
Original web-click % 80 =
riginal web-ClicK sequence ] L g 70 N \
: ‘ng‘\ 5000 1\ . [ 9:00pm |- %:g // \// \'
. | i 5 409
! M u E 30
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N e 1000 10
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Time Tick
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Problem #3

¢ Forecast ‘Repeated(t)’
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* Given: A set of correlated time sequences

Kumamoto U CMU CS

Important observations

Patterns, outliers, modeling, forecasting and
similarity indexing are closely related:
or forecasting, we need
—patterns/rules/models
—similar past settings WERLYY
* For outliers, we need to have forecasts
—(outlier = too far away from our forecast)

http://www.cs.kumamoto-u.ac.jp
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Kumamoto U

Important topics NOT in this
tutorial:
* Continuous queries
—[Babu+Widom ] [Gehrke+] [Madden+]
* Categorical data streams
—[Hatonen+96]
* Qutlier detection (discontinuities)
—[Breunig+00]
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Kumamoto U CMU CS

Roadmap

* Motivation
#' Similarity Search and Indexing
* Feature extraction
* Linear forecasting
* Streaming pattern discovery
* Automatic mining

hitp://www.cs kumamoto-u.ac.jp

Kumamoto U

Roadmap

* Motivation
* Similarity Search and Indexing

—indexing
* Feature extraction
* Linear forecasting
* Streaming pattern discovery
* Automatic mining
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#—distance functions: Euclidean, time-warping

(c) 2016 Sakurai, Matsubara & Faloutsos
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Importance of distance
functions

Subtle, but absolutely necessary:

* A ‘must’ for similarity search, indexing and
clustering

—
nm
Two major families
—Euclidean and Lp norms
—Time warping and variations

hitp://www.cs kumamoto-u.ac.jp
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Euclidean and Lp

) =yl

D(E.5) = 2(’“’ )

:
}

K_
i
—
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. 'M/L‘

*L,: city-block = Manhattan
L, = Euclidean

Lp('i:’j}) = 2|xi =i |p

Kumamoto U CMU CS

Observation #1

* Time sequence

o d .
e n-dimensional vector

Day-n

Day-1
delay coordinate

http://www.cs.kumamoto-u.ac.jp
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Observation #2

* Euclidean distance is

closely related to Days

—cosine similarity

Kumamoto U CMU CS

Time Warping

* allow accelerations - decelerations
— (with or w/o penalty)

* THEN compute the (Euclidean) distance (+
penalty)

* related to the string-editing distance

* fast search methods [Yi+98] [Keogh+02] [Sakurai
+05]

hitp://www.cs kumamoto-u.ac.jp
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—dot product
‘ . Day-1
— ‘cross-correlation
function
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Time Warping
» Allow sequences to be stretched along the time axis
1. minimize the distance of sequences

2. insert ‘stutters’ into a sequence
3. THEN compute the (Euclidean) distance

f\ﬂ?\ w \\/ /\\/ ;\/}f\k

original ‘stutters’:

hitp://www.cs.kumamoto-u.ac.jp/
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Time Warping

Q: how to compute it?
A: dynamic programming

Optimum warping path
(the best alignment)

x-stutters

y-stutters

hitp://www.cs kumamoto-u.ac.jp
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Q: how to compute it?
A: dynamic programming
X={xp x5 s i1, Y={yp ya e, y]'}

Ddrw(X9Y)=f(n’m)

hitp://www.cs kumamoto-u.ac.jp/
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( Time Warping M VVIAS

fG,j-1) x-stutter
fG =[x -y |+min{  fG-1.))  y-stutter
fa-1,j-1 no stutter

Kumamoto U

Time Warping

* Time warping matrix & optimal path:

No stutters

Y
/\/\/\/\X

http://www.cs.kumamoto-u.ac.jp
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Kumamoto U

Time Warping

* Time warping matrix & optimal path:

A All stutters

Y
/\/\/\/\X

hitp://www.cs.kumamoto-u.ac.jp/
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Y, x N times;
Xy X M times

CMU CS

( Time Warping -
variations
* Time warping matrix & optimal path:

Y
/\/\/\/\X

hitp://www.cs kumamoto-u.ac.jp
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CMU CS

At most k stutters:
Sakoe-Chiba band

Kumamoto U

Time Warping -
variations
* Time warping matrix & optimal path:

Y
/\/\/\/\X

hitp://www.cs.kumamoto-u.ac.jp/
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CMU CS

At most x% stutters:
[takura parallelogram

( Time warping

* Complexity: O(M*N) - quadratic on
the length of the strings

* Many variations (penalty for stutters;
limit on the number/percentage of
stutters; ...)

* popular in voice processing [Rabiner
+Juang]

hitp://www.cs kumamoto-u.ac.jp
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A variation: Uniform axis
scaling g-
e Stretch / shrink time
~ |y axis of Y, up to p%,
for free
l \ * THEN compute

Euclidean distance

o~ | x * [Keoght, VLDB04]

hitp://www.cs kumamoto-u.ac.jp)
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Kumamoto U CMU CS

Other Distance functions

* piece-wise linear/flat approx.; compare
pieces [Keogh+01] [Faloutsos+97]

* ‘cepstrum’ (for voice [Rabiner+Juang])
—do DFT; take log of amplitude; do DFT again!

* Allow for small gaps [Agrawal+95]

http://www.cs.kumamoto-u.ac.jp
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Kumamoto U CMU CS

Related work

* Chen + Ng [vidb’ 04]: ERP ‘Edit distance with
Real Penalty’ : give a penalty to stutters

* Keogh+ [kdd’ 04]: VERY NICE, based on
information theory: compress each sequence
(quantize + Lempel-Ziv), using the other
sequences’ LZ tables

* Rakthanmanon+ [kdd’ 12]: EXCELLENT
Software, the UCR Suite for ultrafast subsequence

Kumamoto U CMU CS

Conclusions

* Prevailing distances:
—Euclidean and
—time-warping

hitp://www.cs kumamoto-u.ac.jp
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* Motivation
* Similarity Search and Indexing
—distance functions: Euclidean, time-warping
#—indexing
* Feature extraction
* Linear forecasting
* Streaming pattern discovery
* Automatic mining

hitp://www.cs.kumamoto-u.ac.jp/

vasuko TALKS/16- WWW-tt/ © 2016 Sakurai, Matsubara & Faloutsos 35
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Indexing

* Given a set of time sequences,

* Find the ones similar to a desirable query
sequence

©

@
1 3 5 7 9 11
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. [1 »
Indexing % € Idea: ‘GEMINI
Sprice L.
Eg., ‘find stocks similar to MSFT’
AN Sprice Seq. scanning: too slow
How to accelerate the search?
- . . !
1 365 g %
. Y [Faloutsos96]
$price ’ 1 365 day
\\/\ distance function: by expert
(Euclidean; DTW; ...)
- .
1 365 day
hup//www.cs kumamoto-u.ac.jp ©2016 Sakurai, Matsubara & Falout 37 fitp://www.cs Kumamoto-u.ac.jp ©2016 Sakurai, Matsubara & Falout 38
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‘GEMINI" - Pictorially % GEMINI
Solution: Quick-and-dirty’ filter:

Kumamoto U

e £ S * extract d features (numbers, eg., avg., etc.)
S Y feawre vectors * map into a point in the d-dimensional
L 68 feature space
Pod * organize points with off-the-shelf spatial
Sn \#\ access method ( ‘SAM’ — R-tree, etc)
* discard false alarms
s
Examples of GEMINI % 4 Indexing - SAMs
* Time sequences: DFT (up to 100 times Q: How do Spatial Access Methods (SAMs)
faster) [SIGMOD9%4]; work?
* [Kanellakis+], [Mendelzon+] A: they group nearby points (or regions)

together, on nearby disk pages, and answer
spatial queries quickly ( ‘range queries’ ,
‘nearest neighbor’ queries etc)

For example:

hitp://www.cs kumamoto-u.ac.jp
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CMU CS Kumamoto U

R-trees g. ( R-trees

* [Guttman84] eg., w/ fanout 4: group nearby

rectangles to parent MBRs; each group ->
disk page

* eg., w/ fanout 4:

P1 P3

1
acl gl aclll [COch
DF :ﬁ: B[] UF r
J
EE P2E|E P4
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CMU CS Kumamoto U

R-trees E& ( R-trees - range search?

* eg., w/ fanout 4:

Pl P3 I CED Pl P3 1

P1| P2| P3| P4 —

acll DE@D scll Ogmd

B F H F 'H

] B[]

ED P4 (alelel 1] | [T ED pa |1 || [aLelel ) { o] ]
p2[p_| (ol el 1] [¥la[ 1] p2[p_| [olel ] [¥lc[ 1]
hf‘zmﬁ;ii"s"/'f:"&%,wtds ©2016 Sakurai, Matsubara & Faloutsos 15 I‘j“’ﬂ::}(‘y}:i;"s'mm&&,wcljﬁ © 2016 Sakurai, Matsubara & Faloutsos 46

R-trees - range search? g ( Conclusions

* Fast indexing: through GEMINI
—feature extraction and

— (off the shelf) Spatial Access Methods [Gaede
+98]

P1

A cl] i

B[] D
E

P2|D_|

http//www.cs kumamoto-u.ac.jp/ . .
ko TALK S/ S WWW-ta) ©2016 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU CS Kumamoto U CMU CS

Roadmap ( Roadmap
*

* Motivation * Motivation
* Similarity Search and Indexing

* Similarity Search and Indexing « Feature oxtraction

# * Feature extraction —DFT, DWT (data independent)
» Linear forecasting —SVD, ICA (data independent)
. . —MDS, FastMap
* Streaming pattern discovery « Linear forecasting
* Automatic mining * Streaming pattern discovery

* Automatic mining

hitp//www.cs kumamoto-u.ac.jp ©2016S . hitp://www.cs kumamoto-u.ac.jp . _ )
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— DFT: Amplitude
( DFT: definition ( spectrum g_

* For a sequence x;, x;, ... x,,;

. 2 2 2
* the (n-point) Discrete Fourier Transform is Amplitude: ;" =Re"(X )+ Im’(X)

X, X, .. X, count

Ampl.
——— p
n-1
X, =1/n th*exp(—jZJm;f/n) f=0,...,n-1
=
(=+-1) inverse DFT
n=1 =
x, =1/~/n 2Xf*exp(+j27r tf /n) year -
“
T‘Z:ﬁﬁ;iﬁ‘m"&%{wm/ ©2016 Sakurai, Matsubara & Faloutsos 51 hj'ixm‘;:i]k("s'mm&&,wm © 2016 Sakurai, Matsubara & Faloutsos 52
Kumamoto U CMU CS Kumamoto U CMU CS
L] L]
DFT: examples E{‘; ( DFT: examples
* Flat * Low frequency sinusoid
Amplitude
0060 4 0100 [ » 1
0050 08 0050 A d 08
0.040 06 0.000 o8
oo o e o
0010 0 -0.100 J
time freq time freq
T‘Z:ﬁﬁ;iﬁ‘m"&%{wm/ ©2016 Sakurai, Matsubara & Faloutsos 53 hj'ixm‘;:i]k("s'mm&&,wm ©2016 Sakurai, Matsubara & Faloutsos 54
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DFT: examples

* Sinusoid - symmetry property: X, = X", -

0100 AN A 1
0050 bW d 08
os
o0
o0 L0 1 2 3 a5 6 7 8 o 10 2 1 14 15 o
o100 AN Pl :
time freq

hitp://www.cs kumamoto-u.ac.jp/
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Kumamoto U

DFT: examples

* Higher freq. sinusoid

CMU CS

0080 o6
0060 0s
o040 [ P s | os .
0020 0s ]
0000 o ]
0020 o ]
‘0040
0060 bl bl °

o 125 45 67 8o 02
o080

time freq

http://www.cs.kumamoto-u.ac.jp
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DFT: examples

» Examples

-

AR S
e wacp/
utpi/svww.es kumamoto-u.acp ©2016 Sakurai, Matsubara & Faloutsos 57
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Kumamoto U

DFT: examples

* Examples

Ampl.

CMU CS

12

1

o

0123 asETE

hitp://www.cs kumamoto-u.ac.jp

Freq.

Kumamoto U

spectrum

Amplitude: 4,” =Re’(X,) +Im’(X,)

count

Ampl.

——actual | mean  meanvireqi2

year Freq.

hitp://www.cs.kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/
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DFT: Amplitude g

~vasuko/ TALKS/16-WWW-tut/ ©2016 Sakurai, Matsubara & Faloutsos 58
Kumamoto U . CMU CS
DFT: Amplitude
spectrum

count
— e
A (. )\ A )\ ﬁ /\ M /\
VAVAVAVAVAVAW/VATRWAY
year Freq.
fitp://www.cs Kumamoto-u.ac.jp © 2016 Sakurai, Matsubara & Faloutsos 60
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( DFT: Amplitude
spectrum

count

CMU CS

Ampl.

AAML\AAQN/&. -

I?* freq=12
" AVAVAVAVAVAVAVAVRVRVAY

year

hitp://www.cs kumamoto-u.ac.jp)
~vasuko/TALKS/16-WWW-tut/
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Freq.

( DFT: Amplitude E&

spectrum
* Excellent approximation, with only 2
frequencies!

¢ So what?

AUAm)\AM/\MA/

\VAVAVAVAVAWAVAYRVAY

7777
mmmmm

Freq.”

http://www.cs.kumamoto-u.ac.jp
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( DFT: Amplitude

spectrum
* Excellent approximation, with only 2
frequencies!

¢ So what?

CMU CS

* Al: (lossy) compression
* A2: pattern discovery

hitp://www.cs.kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & Faloutsos

( DFT: Amplitude g.

spectrum
* Excellent approximation, with only 2
frequencies!

* So what?
* Al: (lossy) compression

A/\A/\)\A‘/\MMA

* A2: pattern discovery VoAU

hitp://www.cs kumamoto-u.ac.jp
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Kumamoto U

Wavelets - DWT

* DFT is great - but, how about
compressing a spike?

value

hitp://www.cs.kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/

time

© 2016 Sakurai, Matsubara & Faloutsos

CMU CS

Kumamoto U CMU CS

Wavelets - DWT

* DFT is great - but, how about compressing a
spike?
* A: Terrible - all DFT coefficients needed!

value Ampl

2 12
' 1
08 08
o 06
04 0
02 02
° 0
2345 s 78 8 0 s T

time

Freq.

hitp:/wvww.cs kumamoto-u.ac. )
D P ©2016 Sakurai, Matsubara & Faloutsos 66
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Kumamoto U CMU CS

Wavelets - DWT

» DFT is great - but, how about compressing a
spike?
* A: Terrible - all DFT coefficients needed!

value
12 2
: 1
o
o
ot
o o2 X
23 48 678 80z W Y e
. 2 s 4 s s 78 8 w02 e 15 16
time
hitp://www.cs kumamoto-u.ac.jp) © 2016 Sakurai. Matsubara & Fal .
~vasuko/TALKS/16-WWW-tut/ © akurai, Matsubara & Faloutsos
Kumamoto U CMU CS

Kumamoto U CMU CS

Wavelets - DWT

* Similarly, DFT suffers on short-duration
waves (eg., baritone, silence, soprano)

value ™\ ™\

Wavelets - DWT

* Solution#1: Short window Fourier

time
http://www.cs.kumamoto-u.ac.jp . . . 3
—yasuko/ TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 68
Kumamoto U CMU CS

transform (SWFT)
* But: how short should be the window?
freq value !
|| A
A4 v/
C—r— T — 71—
time
time
hf‘zmﬁ;ii"s"/ﬂ"&%,wﬁs ©2016 Sakurai, Matsubara & Faloutsos 59
Kumamoto U CMU CS

Wavelets - DWT

* Answer: multiple window sizes! -> DWT

*Multi-scale windows’: brilliant idea
that we’ll see several times in this tutorial
(BRAID, TriMine, etc)

hitp://www.cs kumamoto-u.ac.jp
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Wavelets - DWT

* Answer: multiple window sizes! -> DWT
Time Multi-scale windows

domain DFT SWET DWT
freq

time

hitp://www.cs.kumamoto-u.ac.jp/
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Kumamoto U CMU CS

Haar Wavelets

* subtract sum of left half from right half
* repeat recursively for quarters, eight-ths, ...

—] [_] _]
M |

hitp://www.cs kumamoto-u.ac.jp
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( Wavelets - construclyivie

x0 x1 x2 x3 x4 x5 x6 x7

hitp://www.cs kumamoto-u.ac.jp/
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( Wavelets - construclyvvim

level2 420 s2,0
\\\ \\\\\\ /
\ \
dro 8 Odl SRR

A NA

X0 x1 X2 X3 x4 x5 x6 X7

hitp://www.cs.kumamoto-u.ac.jp/

sk TALKS/ | 6 WWW-sat) ©2016 Sakurai, Matsubara & Faloutsos 75

( Wavelets - construcly vV

level 1 d1,0

XO xl x2 X3 x4 x5 x6 x7

http://www.cs.kumamoto-u.ac.jp

stk TALKS) L6 W W W) ©2016 Sakurai, Matsubara & Faloutsos 74

( Wavelets - construclyvvim

Q: map each coefficient

on the time-freq. plane ‘ ‘

d2,0
\\\\ t
sl 0 di,1 S/] 1 e
XO xl x2 x3 x4 x5 x6 x7
hitp/www.cs kumamoto-u.ac.jp/ © 2016 Sakurai, Matsubara & Faloutsos 77

~vasuko/TALKS/16-WWW-tut/

( Wavelets - construclyVvis

etc ...
s2,0

dLo Slodl I 3/11 .......
XO x1 X2 X3 x4 X5 x6 X7

hitp://www.cs kumamoto-u.ac.jp

—vasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 76

(c) 2016 Sakurai, Matsubara & Faloutsos

( Wavelets - construclyVvis

Q: map each coefficient

f
on the time-freq. plane

m k]

XO xl x2 x3 x4 x5 x6 X7

hitp://www.cs kumamoto-u.ac.jp

—vasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 78
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Observationl:
‘+” can be some weighted addition

( ‘Quadrature mirror filters’ )
Observation2: unlike DFT/DCT,

there are *many* wavelet bases: Haar,
Daubechies-4, Daubechies-6, Coifman,
Morlet, Gabor, ...

hitp://www.cs kumamoto-u.ac.jp)

( Wavelets - construclypus

‘" is the corresponding weighted difference

~vasuko/TALKS/16-WWW-tut/

ko TAL KS/16- WWW-tar/ ©2016 Sakurai, Matsubara & Faloutsos 79
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Wavelets - how do they
look like?

{ \/\\/ * E.g., Daubechies-4
-
1
TZ:C&K&%?‘?&%MEE/ ©2016 Sakurai, Matsubara & Faloutsos 81
Kumamoto U CMU CS
.
Wavelets - Drill#1:
* Q: baritone/silence/soprano - DWT?
f
t
value
/\. /\» 1
A\ A
time
hutp://svwiv.cs Kumamoto-u ac.jp/ ©2016 Sakurai, Matsubara & Faloutsos 83

(c) 2016 Sakurai, Matsubara & Faloutsos

#  Wavelets - how do they ¢/
look like?
| /\ * E.g., Daubechies-4
Y
e
hitpifere.cs K mamoto-nac Jp ©2016 Sakurai, Matsubara & Faloutsos 80
Wavelets - Drill#1:
* Q: baritone/silence/soprano - DWT?
f
t
value
time
hitp:ferercs kumamoto-nac p ©2016 Sakurai, Matsubara & Faloutsos 82
Wavelets - Drill#2:
* Q: spike - DWT?
f
t
fitp://www.cs Kumamoto-u.ac.jp © 2016 Sakurai, Matsubara & Faloutsos 84

~vasuko/TALKS/16-WWW-tut/
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Kumamoto U CMU CS

Wavelets - Drill#2:

* Q: spike - DWT?

0.00 0.00 0.71 0.00

f

Kumamoto U CMU CS

Wavelets - Drill#3:

* Q: weekly + daily periodicity, + spike -
DWT?

Sl

0.00 0.50
-0.35
t 0.35
hj‘m‘;ﬁ:i;‘;’ﬁg"&%}ﬁjs ©2016 Sakurai, Matsubara & Faloutsos 85
Kumamoto U CMU CS

Wavelets - Drill#3:

* Q: weekly + daily periodicity, + spike -
DWT?

f

—

o

http:/fwww.cs ki to-u.ac.jp/
D K e dn ©2016 Sakurai, Matsubara & Faloutsos 87

~vasuko/TALKS/16-WWW-tut/

http://www.cs.kumamoto-u.ac.jp . . y
O TALKS/ 6 W) ©2016 Sakurai, Matsubara & Faloutsos 86
Kumamoto U MU Cs

Wavelets - Drill#3:

* Q: weekly + daily periodicity, + spike -
DWT?

f

Kumamoto U CMU CS

Wavelets - Drill#3:

* Q: weekly + daily periodicity, + spike -
DWT?

f

o

http:/fwww.cs ki to-u.ac.jp/
D e K e dn ©2016 Sakurai, Matsubara & Faloutsos 89

~vasuko/TALKS/16-WWW-tut/

(c) 2016 Sakurai, Matsubara & Faloutsos
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Wavelets - Drill#3:

* Q: weekly + daily periodicity, + spike -
DWT?

f

b

hitp:/wvww.cs kumamoto-u.ac. )
D P ©2016 Sakurai, Matsubara & Faloutsos 90

~vasuko/TALKS/16-WWW-tut/
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CMU CS

CMU CS Kumamoto U

g. ( Advantages of Wavelets

Wavelets - Drill#3:

« Q: DFT?
DWT DFT

hitp://www.cs kumamoto-u.ac.jp)

ko TALKS/ L6 W Wt ©2016 Sakurai, Matsubara & Faloutsos

CMU CS

Kumamoto U

DFT & DWT: conclusions

* DFT spots periodicities (with the
‘amplitude spectrum’)
—can be quickly computed (O( n log n)),
thanks to the FFT algorithm.

image etc signals)
—(closely related to DCT and JPEG)

* Better compression (better RMSE with same
number of coefficients - used in JPEG-2000)

* fast to compute (usually: O(n)!)
« very good for ‘spikes’

hitp://swww.cs kumamoto-u.ac. .
D TALKS /6w D ©2016 Sakurai, Matsubara & Faloutsos

~vasuko/TALKS/16-WWW-tut/

CMU CS

—standard tool in signal processing (speech,

Kumamoto U

DFT & DWT: conclusions

* DWT: multi-resolution
—very suitable for self-similar traffic
—used for summarization of streams [Gilbert+01],
db histograms, etc

* DFT&DWT: powerful tools for
compression, pattern detection in real

signals
—included in math packages (matlab, ‘R’
mathematica, ... - often in spreadsheets!)

hitp://swww.cs kumamoto-u.ac. .
D e TALKS /6w ap ©2016 Sakurai, Matsubara & Faloutsos

http:/fwww.cs ki to-u.ac.jp/
ANt A ©2016 Sakurai, Matsubara & Faloutsos

asuko/TALKS/16-WWW-tut/.

CMU CS

Kumamoto U Resources - SOftware and

urls
* http://www.dsptutor.freeuk.com/jsanalyser/
FFTSpectrumAnalyser.html : Nice java
applets for FFT
* http://www.relisoft.com/freeware/freq.html
voice frequency analyzer (needs
microphone)

http:/fwww.cs ki to-u.ac.jp/
S TALKS/ L6 W) ©2016 Sakurai, Matsubara & Faloutsos

15uko/TALKS/16-WWW-tut/

(c) 2016 Sakurai, Matsubara & Faloutsos

~vasuko/TALKS/16-WWW-tut/

CMU CS

#  Resources: software and
urls
* xwpl: open source wavelet package from
Yale, with excellent GUI
* http://monet.me.ic.ac.uk/people/gavin/java/
waveletDemos.html : wavelets and
scalograms

hitp://swww.cs kumamoto-u.ac. .
D e TALKS /6w ©2016 Sakurai, Matsubara & Faloutsos

~vasuko/TALKS/16-WWW-tut/
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Kumamoto U CMU CS

Books

* William H. Press, Saul A. Teukolsky, William T. Vetterling and
Brian P. Flannery: Numerical Recipes in C, Cambridge University
Press, 1992, 2nd Edition. (Great description, intuition and code for
DFT, DWT)

* C. Faloutsos: Searching Multimedia Databases by Content, Kluwer
Academic Press, 1996 (introduction to DFT, DWT)

hitp://www.cs kumamoto-u.ac.jp)

sk TALKS/ | 6 WWW-sa) ©2016 Sakurai, Matsubara & Faloutsos 97

Kumamoto U CMU CS

Additional Reading

* [Gilbert+01] Anna C. Gilbert, Yannis Kotidis and S. Muthukrishnan
and Martin Strauss, Surfing Wavelets on Streams: One-Pass
Summaries for Approximate Aggregate Queries, VLDB 2001

hitp:/wvww.cs kumamoto-u.ac. .
D P ©2016 Sakurai, Matsubara & Faloutsos 98

~vasuko/TALKS/16-WWW-tut/
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Roadmap

* Motivation

* Similarity Search and Indexing

* Feature extraction
—DFT, DWT, DCT (data independent)
—SVD, ICA (data independent)
—MDS, FastMap

* Linear forecasting

* Streaming pattern discovery

* Automatic mining

hitp://www.cs.kumamoto-u.ac.jp/

e vasuko TALK S/ 6-WWW-tt/ ©2016 Sakurai, Matsubara & Faloutsos 99

Kumamoto U CMU CS

SVD

* Singular Value Decomposition

* THE optimal method for dimensionality
reduction 1

— (under the Euclidean metric)

* Given: many time sequences
* Find: the latent (‘hidden’) variables

hitp://www.cs kumamoto-u.ac.jp

vasuko/TALKS/16- WWW-fut/ ©2016 Sakurai, Matsubara & Faloutsos 100

Kumamoto U CMU CS

SVD

Two (equivalent) interpretations:
—Geometric (each sequence -> point in T-d space)
—Matrix algebra (N x T matrix)

eg, stock market data

l AA: Alcoa
AXP: American Express
N ‘ BA: Boeing
‘ CAT: Caterpillar
‘ C: Citi Group
hutpi/svwwes.kumamoto-.ac jp/ ©2016 Sakurai, Matsubara & Faloutsos 101

~vasuko/TALKS/16-WWW-tut/

(c) 2016 Sakurai, Matsubara & Faloutsos

Kumamoto U CMU CS

Singular Value
Decomposition (SVD)
* SVD (~LSI ~ KL ~ PCA ~ spectral
analysis...) — Geometric interpretation

day?2 LSI: S. Dumais; M. Berry
KL: eg, Duda+Hart
PCA: eg., Jolliffe

- .
Details: [Press+],
L J
[Faloutsos96]
-
dayl
hp://svwwcs kumamoto-u.ac p ©2016 Sakurai, Matsubara & Faloutsos 102

~vasuko/TALKS/16-WWW-tut/
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CMU CS

Kumamoto U

SVD — matrix interpretation

¢ SVD -> matrix factorization: finds blocks

CMU CS

Kumamoto U

Declined stocks ‘spiked stocks’ ‘rising stocks’
T timeticks ~‘drop’ ‘spike” ‘step’
[
—>
N Seq. - "
(stocks)
s >
1 U
103

© 2016 Sakurai, Matsubara & Faloutsos

hitp://www.cs kumamoto-u.ac.jp)
~vasuko/TALKS/16-WWW-tut/

CMU CS

Kumamoto U

SVD

* Extremely useful tool

— (also behind PageRank/google and Kleinberg’ s
algorithm for hubs and authorities)

SVD

104

© 2016 Sakurai, Matsubara & Faloutsos

http://www.cs.kumamoto-u.ac.jp

~vasuko/TALKS/16-WWW-tut/

CMU CS

Kumamoto U

SVD shorcuts

* random projections (Johnson-Lindenstrauss
thm [Papadimitriou+ pods98])

* Extremely useful tool
—(also behind PageRank/google and Kleinberg’ s

algorithm for hubs and authorities)

But may be slow: O(N * M * M) if N>M

any approximate, faster method?

© 2016 Sakurai, Matsubara & Faloutsos

hty

p//www.cs.kumamoto-u.ac.jp/
asuko/TALKS/16-WWW-tut/.

CMU CS

Kumamoto U

Random projections

* pick ‘enough’ random directions (will be

~orthogonal, in high-d!!)
« distances are preserved probabilistically,

within epsilon
* (also, use as a pre-processing step for SVD

[Papadimitriou+ PODS98])

107

o
o
° 2=
® e
o
hip://svwwves kumamoto-u.ac )
o O TALKS/ 6 W) ©2016 Sakurai, Matsubara & Faloutsos 106
CMU Cs

Kumamoto U

SVD & improvement

* Q: Can we do even better?
* A: sometimes, yes — by shooting for sparsity

. PC2

N
108

hitp://swww.cs kumamoto-u.ac. .
D e TALKS /6w ©2016 Sakurai, Matsubara & Faloutsos

© 2016 Sakurai, Matsubara & Faloutsos

hitp://www.cs.kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/

(c) 2016 Sakurai, Matsubara & Faloutsos

~vasuko/TALKS/16-WWW-tut/

18



Tutorial @WWW'16

Kumamoto U

Analysis (ICA)

Independent Component

CMU CS

%

* PCA (or SVD) sometimes misses essential

Kumamoto U CMU CS

A.k.a.: BSS = cocktail party problem
Find hidden variables

* Untangle two sound sources

features
—PCA vs. ICA
IC1
A
Il
o
’l
b
/
° x4
3 e
4 87
o o
1 o,
[ 0g?2
X
/o<~
~
.. PC2
N
hitp:/Awww.cs ki -u.ac.jp/
N“Z!u‘f(:/‘;ﬁl(“sm“&“’v‘wﬁs ©2016 Sakurai, Matsubara & Faloutsos 109
Kumamoto U CMU CS

Sequence #1 Sequence #2

http://www.cs. kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & Faloutsos

Sequence #3
(Sources #1 & #3) (Sources #2 & #3) (Mix of all 3 sources)

Kumamoto U

CMU CS

ICA
T

ICA recognizes the
components successfully [IC1 1C2
and separately

http://www.cs. kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/.

© 2016 Sakurai, Matsubara & Faloutsos

113

) a
@
Q)
o =“blind source separation”
* unknown sources,
* unknown mixing
":“;:ﬁ‘g‘;ﬁ;"s'/"fg" o ©2016 Sakurai, Matsubara & Faloutsos 10
Kumamoto U CMU CS
* Why not PCA
NI .
Source 1/ un
TRV | L]
Mix
Sequence #1 Sequence #2 Sequence #3
(Sources #1 & #3) (Sources #2 & #3) (Mix of all 3 sources)
l‘:“;ﬁ\‘;‘ﬁﬁ;"s"/’&m&%}xﬁz ©2016 Sakurai, Matsubara & Faloutsos 12
Kumamoto U CMU CS
. .
Hidden variables
* Local component analysis [Sakurai+11]
Weekly pattern Daily pattern

Original sequence
P

Anomaly spikes

PCA: failed

hitp://www.cs kumamoto-u.ac.jp/

(@) Weekly patter (PCA) (@) Daily pattem (PCA)

© 2016 Sakurai, Matsubara & Faloutsos 114
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Hidden variables

Alcoa g o e

o0 11 e m Tes e wes 1w e ww 200 201 200

American

o
% w .

Express < TV, o

$o0 1w wm wor e wee mw e ww o0 2 2w

$o0 Tor1 wow om ey wes mos i wes me 200 201 20w

5 & I

Caterpillar 3 = i P REOSRIT G

$90 11 w2 B o3 W Wee W e W 200 21 200

Find common
hidden variables,
and weights.

Boeing B e A }

Citi Group © = TP e

R90 T e w9 ww wee W e W 200 207 2002

® an
Pl NN
B o o o e o e e s e g gt 20

Intel

INTC

Dow Jones Industrial Average

hitp://www.cs kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/
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Kumamoto U CMU CS

Hidden variables

* Find hidden variables [Pan+04]

La ™~ ~ R M
™ - El W
0 i B N Z N AL TVEN
B0 W1 B B0 54 B W06 B9 WG9 N9 200 201 202 B0 1 B2 NN N9 1095 1995 N7 NGE WG 2000 2001 20
Caterpillar I Intel
B1,cat

I/B1,INTC

; o S J

Kumamoto U CMU CS

Hidden variables
* Find hidden variables [Pan+04]

E 0 ”
< ) £ o) M
0 z PPN
- A ) e
L0 W1 MR 094 B 090 097 A8 200 201 202 990 W1 02 P9 B4 HGS 1096 107 108 99 2000 2001 202
Caterpillar Intel

AN pr
- S

Hidden variable 1 Hidden variable 2
hitp://www.cs.kumamoto-u.ac.jp, X ) §
vasako TALKS/| 6 WWW-tat © 2016 Sakurai, Matsubara & Faloutsos 116
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Hidden variables

* Find hidden variables [Pan+04]

{4 o

< ) o ™y el =]

B i gl T N z o N
B0 191 B RN 9 B 996 N9 WG N 200 W1 2w 90 G 00 0% B9 NG5 906 07 1908 10 200 2001 202

Caterpillar Intel

I

0.94

I/ 0.63

AN, e
P 2 J A“//j W

“Hidden variable 1”7 “Hidden variable 2”
) v.C: -u.ac.jp/
tpcfrwrn s knmamote s o ©2016 Sakurai, Matsubara & Faloutsos 1
Kumamoto U CMU CS

Motivation: Find hidden

variables
* ICA: also known as ‘Blind Source Separation’
* ‘cocktail party problem’
— in a party, we can hear two concurrent conversations,
— but separate them (and tune-in on one of them only)

* http://www.cnl.salk.edu/~tewon/Blind/blind_audio.html

* (in stocks: one ‘discussion’ is the general economy trend;
the other ‘discussion’ is the tech-stock boom

http://www.cs kumamoto-u.ac.jp/

sk TALKS/ | 6 WWW-sat) ©2016 Sakurai, Matsubara & Faloutsos 19

“General trend” “Internet bubble”
http://www.cs.kumamoto-u.ac.jp/ . N . -
AL kS bW ©2016 Sakurai, Matsubara & Faloutsos 118
Kumamoto U CMU CS

Citation

* AutoSplit: Fast and Scalable Discovery of
Hidden Variables in Stream and Multimedia
Databases, Jia-Yu Pan, Hiroyuki Kitagawa,
Christos Faloutsos and Masafumi Hamamoto,
PAKDD 2004, Sydney, Australia.

* WindMine: Fast and Effective Mining of Web-
click Sequences, Yasushi Sakurai, Lei Li,
Yasuko Matsubara, Christos Faloutsos, SDM
2011, Mesa, Arizona.

hitp://www.cs kumamoto-u.ac.jp

(c) 2016 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU CS

Roadmap

* Motivation

* Similarity Search and Indexing

* Feature extraction
—DFT, DWT, DCT (data independent)
—SVD, ICA (data independent)

q —MDS, FastMap

* Linear forecasting

* Streaming pattern discovery

* Automatic mining

hitp://www.cs kumamoto-u.ac.jp/

vasuko TALKS/ 6-WWW-tt/ ©2016 Sakurai, Matsubara & Faloutsos 121

Kumamoto U CMU CS

MDS / FastMap

* but, what if we have NO points to start with?
(eg. Time-warping distance)

* A: Multi-dimensional Scaling (MDS) ;
FastMap

hitp:/wvww.cs kumamoto-u.ac. .
D P ©2016 Sakurai, Matsubara & Faloutsos 122
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MDS/FastMap

~100

01 (02 |03 |04 |05
01 |0 1 1 100 | 100
0z |1 0 1 100 | 100
03 |1 1 0 100 | 100
04 |100 |100 {100 |0 1
05 |100 |100 {100 |1 0

hitp://www.cs.kumamoto-u.ac.jp/

e vasuko TALK S/ 6-WWW-tt/ ©2016 Sakurai, Matsubara & Faloutsos 123

Kumamoto U CMU CS

MDS

Kumamoto U CMU CS

FastMap

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

» FastMap [Faloutsos+95] takes O(N) time

hitp://www.cs.kumamoto-u.ac.jp/

vasuko TALK S/ 6-WWWtt/ © 2016 Sakurai, Matsubara & Faloutsos 125

o T
e
Multi Dimensional
Scaling
1/ WWW.cs. -u.ac |
hitp:ferercs kumamoto-nac p ©2016 Sakurai, Matsubara & Faloutsos 124
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(c) 2016 Sakurai, Matsubara & Faloutsos

FastMap: Application

VideoTrails [Kobla+97]

scene-cut detection (about 10% errors)

hitp://www.cs kumamoto-u.ac.jp

—vasuko/ TALKS/16-WWW-tuy ©2016 Sakurai, Matsubara & Faloutsos 126
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Variations

* Isomap [Tenenbaum, de Silva, Langford,
2000]

* LLE (Local Linear Embedding) [Roweis,
Saul, 2000]

* MVE (Minimum Volume Embedding) [Shaw
& Jebara, 2007]

o

Kumamoto U CMU CS

Conclusions -

Practitioner’ s guide
Similarity search in time sequences
1) establish/choose distance (Euclidean, time-
warping,...)
2) extract features (SVD, ICA, DWT), and use an
SAM (R-tree/variant, or a Metric Tree M-tree)

2" for high intrinsic dimensionalities, consider sequential scan (it
might win...)

http://www.cs.kumamoto-u.ac.jp

stk TALKS) L6 W W W) ©2016 Sakurai, Matsubara & Faloutsos 128
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Books

« William H. Press, Saul A. Teukolsky, William T. Vetterling and
Brian P. Flannery: Numerical Recipes in C, Cambridge University
Press, 1992, 2nd Edition. (Great description, intuition and code for
SVD)

« C. Faloutsos: Searching Multimedia Databases by Content, Kluwer
Academic Press, 1996 (introduction to SVD, and GEMINTI)

hitp://www.cs.kumamoto-u.ac.jp/

vasuko TALKS/16. WWW-tt/ ©2016 Sakurai, Matsubara & Faloutsos 129
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Roadmap

* Motivation
* Similarity Search and Indexing
* Feature extraction
#° Linear forecasting
* Streaming pattern discovery

* Automatic mining

hitp://www.cs.kumamoto-u.ac.jp/
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Wish list

* Problem 1: find patterns/rules
m) Problem 2: forecast

* Problem 3: find patterns/rules/forecast, with
many time sequences

hitp://www.cs kumamoto-u.ac.jp
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Forecasting

"Prediction is very difficult, especially
about the future." - Niels Bohr

http://www.hfac.uh.edu/MediaFutures/
thoughts.html

hitp://www.cs.kumamoto-u.ac.jp/
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Kumamoto U CMU CS

Roadmap

* Motivation

* Similarity Search and Indexing

* Feature extraction

* Linear forecasting
— Auto-regression: Least Squares; RLS
— Co-evolving time sequences

* Streaming pattern discovery

* Automatic mining

(c) 2016 Sakurai, Matsubara & Faloutsos
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Problem: Forecasting

» Example: give x, ;, x, ,, ..., forecast x,

Kumamoto U CMU CS

Forecasting:
Preprocessing
MANUALLY:

remove trends spot
periodicities 7 days

=
=
\

6
s
N
3
2
i

X

Pyl

s 6 7T 8 9w -

time time

hitp:/wvww.cs kumamoto-u.ac. .
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5 920
H Y
80
2
% 70 S \0\
g 60
S50~ " ™~
[ e % (v
240
E
E 30
=20
10
0 .
1 3 5 7 9 11
Time Tick
http://www.cs.kumamoto-u.ac.jp/ " .
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Problem: Forecast

* Solution: try to express
X
as a linear function of the past: x,,, x,,, ...,

(up to a window of w)
Formally:

. A ad b
X, =aX,_, +...+a.x,_, +noise g 22

1 3 5 7.9 11
Time Tick

(if we know it is a non-linear model, see Part 2)

hitp://www.cs.kumamoto-u.ac.jp/
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Kumamoto U CMU CS

(Problem: Back-cast;
interpolate)

* Solution - interpolate: try to express
xt
as a linear function of the past AND the future:

Xev o X425 -+ Xpyy future; Xe-1> +++ Xpow past
(up to windows of W, , Wrre)

* EXACTLY the same algo’ s
1 3 5 7.9 11

Kumamoto U CMU CS

Background:
Linear Regression

. 85
patient | weight height | Body height

1 27 43 75

0 70
2 13 54 o
3 54 72 60

55

50
a5

N 29 27 0

Body weight
« express what we don’ t know (= ‘dependent variable’)
« as a linear function of what we know (= ‘indep.
variable(s)’)

hitp://www.cs.kumamoto-u.ac.jp/
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Time Tick
http://www.cs.kumamoto-u.ac.jp/ . N . -
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Linear Auto Regression:

Time Packets
Sent(t)

1 43

2 54
3 72
N .

hitp://www.cs kumamoto-u.ac.jp
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Kumamoto U CMU CS

Linear Auto Regression:

Z s
Time | Packets — Packets 2 80 ¢ ’
Sent (t-1)  Sent(t) 2 s 1ag'p10t
i o
1 - 43 QS 70
2 3 ., g e
3 54 72 2 60
Ve S 5 <
. 2 50
E 45
] .
N j o Z 40
15 25 35 45

Number of packets sent (t-1)
* lag w=1

* Dependent variable = # of packets sent (S [t])

* Independent variable = # of packets sent (S[t-1])

hitp://www.cs kumamoto-u.ac.jp/
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More details:

* QI: Can it work with window w>1?
* Al: YES!

hitp:/wvww.cs kumamoto-u.ac. .
D P ©2016 Sakurai, Matsubara & Faloutsos 152
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More details:

* QI: Can it work with window w>1?
« A1: YES! (we’ 1l fit a hyper-plane, then!)

eg, w=2
Xi1

Xt2

http:/fwww.cs ki to-u.ac.jp/
D K e dn ©2016 Sakurai, Matsubara & Faloutsos 153
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Kumamoto U

More details: g

* QI: Can it work with window w>1?
* Al: YES! The problem becomes:

XN xw] X A 1] = YINx1]
* OVER-CONSTRAINED

— a is the vector of the regression coefficients

— X has the N values of the w indep. variables
— y has the N values of the dependent variable

hitp://www.cs.kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/
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More details:

* QI: Can it work with window w>1?
* A1: YES! (we’ 1l fit a hyper-plane, then!)

Xt.l

X2

hitp://www.cs kumamoto-u.ac.jp
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Kumamoto U

More details:

p——
° = e e
X[N xW] X a[w><l| y[N x1] -
Ind-varl Ind-var-w =
[ 4 -
time Xy, Xpp,eo X, Rl
Xy Xposeo s X, a, pe
a,
x|, =
: a,
Xnvts Xy, Xy YN
hitp:ferecs kumamoto-nac p ©2016 Sakurai, Matsubara & Faloutsos 156
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Kumamoto U

More details:

DETAILS

— 7N
* XN xw] X Ay 1) = YN v
Ind-varl Ind-var-w H

| 4 -
time Xy Xip, Xy, M

Xy, Xypsoois Xy, a V2

a,
x|. =
: a, :
Xnts Xy Xy YN

hitp://www.cs kumamoto-u.ac.jp)
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( More details B V:VIE

* Q2: How to estimate a,, a,, ... a,, =a?

* A2: with Least Squares fit
a=(X"xX)'x (X'xy)

* (Moore-Penrose pseudo-inverse)

¢ a is the vector that minimizes the RMSE
from y

http://www.cs.kumamoto-u.ac.jp
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( Even more details )WV

* Q3: Can we estimate a incrementally?

* A3: Yes, with the brilliant, classic method of
‘Recursive Least Squares’ (RLS) (see, e.g.,
[Yi+00], for details) - pictorially:

[Yi+00] Byoung-Kee Yi et al.: Online Data
Mining for Co-Evolving Time Sequences, ICDE
2000.

Kumamoto U CMU CS

Even more details

e Given:

Dependent Variable

Independent Variable

hitp://www.cs kumamoto-u.ac.jp
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Kumamoto U CMU CS

Even more details

* Given:

* —— new point

Dependent Variable

Independent Variable

hitp://www.cs.kumamoto-u.ac.jp/
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Kumamoto U CMU CS

Even more details
Recursive Least Squares (RLS):
quickly compute new best fit

~"* ~— new point

Dependent Variable

Independent Variable

hitp://www.cs kumamoto-u.ac.jp
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Kumamoto U CMU CS Kumamoto U CMU CS

Even more details Zﬁ ( Even more details

* Straightforward Least * Recursive LS * Straightforward Least
Squares — Need much smaller, fixed Squares aller, fixed
— Needs huge matrix size matrix O(w>w) — Needs huge matrix O(w>w)
(growing in size) O(Nxw) — Fast, incremental
— Costly matrix operation computation O(1 xw?) O(1xw?)
O(Nxw?)

49,000,000 < > 49 49

w=1-100

N=10% w=1-100

hitp://www.cs kumamoto-u.ac.jp/
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Kumamoto U . Kumamoto U Ada tabilit -
( Even more detailX¥ VIR ( LAV DETAILS
forgetting
* Q4: can we ‘forget’ the older samples?
* A4: Yes - RLS can easily handle that [Yi 2
+00]: iz
Independent Variable
eg., #packets sent
ipefrarw s Kimamote nac o/ ©2016 Sakurai, Matsubara & Faloutsos 165 hitp:ferercs kumamoto-nac p ©2016 Sakurai, Matsubara & Faloutsos 166

( Adaptability -
‘forgetting’

< Adaptability -
‘forgetting’

Trend change Trend change
2 . 2 .
g <
i e e ((RLS Z R)LS
5z - i 1 ] with no forgettin
EEN B . » +with no forgetting H getting
g ?)‘; * ¢ . g . o
(R)LS
Independent Variable Independent Variable with forgettmg

eg. #packets sent

* RLS: can *trivially* handle ‘forgetting’

hitp://www.cs.kumamoto-u.ac.jp/
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[1 ’ 1 ’
How to choose w ? g. ( How to choose 'w ?
* Quick & dirty answer: w=1 or w=2 * goal: capture arbitrary periodicities
* Better answer: Model selection (say, * with NO human intervention
* Even better answer: multi-scale
windows [Papadimitriou+, vidb2003]
Spiros Papadimitriou, Anthony Brockwell and
Christos Faloutsos Adaptive, Hands-Off Stream
Mining VLDB 2003, Berlin, Germany, Sept. 2003 b v cskumamote-vacip ©2016 Sakursi, Matsubara & Faloutsos 17
Answer: AWSOM
« ‘AWSOM’ (Arbitrary Window Stream
fOrecasting Method) [Papadimitriou+, | wal wig o mom
v1db2003] | v 7= |
* idea: do AR on each wavelet level f
* in detail: W‘nﬂ— = W‘—ni, :
w,_,)mw_
hf‘zmﬁ;ii"s"/'f:"&%,wtds ©2016 Sakurai, Matsubara & Faloutsos 171 T“Zﬁ:ﬁlﬁ?ﬁii‘é’ﬂ%’“\‘;’v’w&‘fdﬁ © 2016 Sakurai, Matsubara & Faloutsos 172

CMU CS Kumamoto U

AWSOM w K« AWSOM - idea

X PEEE SN
R
! Wia2|Woet| W W= BWir + BoWis + .

ol w, - - S
R B 4N W, W, W,
- . Wy e ﬁl',l e + Bz ezt
Wega | Wepy I

w;,

e
g
;

time

Kumamoto U

AJWRTMDITY

hitp://swwiw.cs Kumamoto-u.ac.jp/ . http/Awwiw.cs kumamoto-u.ac.jp FUT— )
—vasuko/TALKS/16-WWW-tat/ © 2016 Sakurai, Matsubara & Faloutsos 173  vasuko/TALKS/16- WWW-fut/ ©2016 Sakurai, Matsubara & Faloutsos 174
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Kumamoto U

More details...

» Update of wavelet coefficients
» Update of linear models

* Feature selection
—Not all correlations are significant

hitp://www.cs kumamoto-u.ac.jp/

sk TALKS/ | 6 WWW-sa) ©2016 Sakurai, Matsubara & Faloutsos

CMU CS

(incremental)
(incremental; RLS)

(single-pass)

—Throw away the insignificant ones (“noise”)

Kumamoto U CMU CS

Results - Synthetic data

Kumamoto U

Results - Real data

CMU CS

ile - SAR

Automobile - Original Automoile - AWSOM (3) ile — AR (36)
o

Autornckile

FAILED

Time Time. Time.

* Automobile traffic

— Daily periodicity

— Bursty “noise” at smaller scales
* AR fails to capture any trend
» Seasonal AR estimation fails

hitp://www.cs.kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/
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177

AWSOM AR Seasonal AR .
- v - xR 21250 * Triangle pulse
. i | * Mix (sine +
L l ‘ L square)
I I FAILED
" "y * AR captures
ST wrong trend (or
e e e none)

ATV messmO= e Seasonal AR

" N estimation fails
B B
g o] ||| FAILED

B B

: 3

] MLy

3 AT 3 '

ioan | Gwm S oo imen | ome S | oo

- —

hitpifere.cs K mamoto-nac Jp ©2016 Sakurai, Matsubara & Faloutsos 176
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Results - real data

Sunspot - Original unspot - AWSOM (6.1 Sunspot - AR (60} nspot - SARIMA (2.1.0) x (1,1,
2 2 2 s
R ] L] R
8 | 8 8 8
P MRE ks ks
E) I flk l F VUL e 8
o WY o L TS -
¢ o wm | m® 4 B 6w | m® 8 Bowm | ®w 6 B wm 2w
Tirne. Time. Tirme Time.

* Sunspot intensity
— Slightly time-varying “period”
* AR captures wrong trend
* Seasonal ARIMA
— wrong downward trend, despite help by human!

hitp://www.cs kumamoto-u.ac.jp
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Kumamoto U

Complexity

* Model update
Space: O(lgN + mk?) =~ O(IgN)
Time: OK?)=~0(1)

* Where
—N: number of points (so far)

—m: number of linear models; O(gN)

hitp://www.cs.kumamoto-u.ac.jp/
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ip

—k: number of regression coefficients; fixed

179
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Roadmap

* Motivation

* Similarity Search and Indexing

* Feature extraction

* Streaming pattern discovery

* Linear forecasting
— Auto-regression: Least Squares; RLS
— Co-evolving time sequences

* Automatic mining

hitp://www.cs kumamoto-u.ac.jp
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Kumamoto U

Roadmap

* Motivation

* Similarity Search and Indexing

* Feature extraction

* Linear forecasting
— Auto-regression: Least Squares; RLS
— Co-evolving time sequences

* Streaming pattern discovery

* Automatic mining

hitp://www.cs kumamoto-u.ac.jp)
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Co-Evolving Time

Sequences
» Given: A set of correlated time sequences

* Forecast ‘Repeated(t)’

90
80 ~
270 A Y
£ 60 —&— sent
oA W ~,
5% \v M

2 el

E;g —_ N . repeated
104
0

http://www.cs.kumamoto-u.ac.jp
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Kumamoto U

Solution:

Q: what should we do?

A: Least Squares, with

* Dep. Variable: Repeated(t)

* Indep. Variables:
Sent(t-1), ..., Sent(t-w);
Lost(t-1), ..., Lost(t-w);
Repeated(t-1), ...

* (named: ‘MUSCLES’ [Yi+00])

hitp://www.cs.kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/
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183

Kumamoto U CMU CS

Practitioner’s guide

* AR(IMA) methodology: prevailing method
for linear forecasting

* Brilliant method of Recursive Least Squares
for fast, incremental estimation.

* See [Box-Jenkins]

hitp://www.cs kumamoto-u.ac.jp
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Kumamoto U

Resources: software and
urls

* MUSCLES: Prof. Byoung-Kee Yi:
http://lwww.postech.ac.kr/~bkyi/
or christos@cs.cmu.edu

* free-ware: ‘R’ for stat. analysis
(clone of Splus)

http://cran.r-project.org/

hitp://www.cs.kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/
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(c) 2016 Sakurai, Matsubara & Faloutsos

Books

* George E.P. Box and Gwilym M. Jenkins and Gregory C. Reinsel,
Time Series Analysis: Forecasting and Control, Prentice Hall, 1994
(the classic book on ARIMA, 3rd ed.)

* Brockwell, P. J. and R. A. Davis (1987). Time Series: Theory and
Methods. New York, Springer Verlag.

hitp://www.cs kumamoto-u.ac.jp
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Additional Reading g‘ ( Outline

¢ [Papadimitriout+ vldb2003] Spiros Papadimitriou, Anthony

Brockwell and Christos Faloutsos Adaptive, Hands-Off Stream * Motivation
Mining VLDB 2003, Berlin, Germany, Sept. 2003 . .
* [Yi+00] Byoung-Kee Yi et al.: Online Data Mining for Co-Evolving * Slmllarlty Search and IndeXlng

Time Sequences, ICDE 2000. (Describes MUSCLES and Recursive

Least Squares) * Feature extraction

* Linear forecasting
ﬂ' Streaming pattern discovery
* Automatic mining

http://www.cs.kumamoto-u.ac.jp

hitp://wwwcs kumamoto-u.ac.jp/ .
D oG ©2016 Sakurai, Matsubara & Faloutsos 187 O TALKS/ 6 W) © 2016 Sakurai, Matsubara & Faloutsos 188

~vasuko/TALKS/16-WWW-tut/

Kumamoto U CMU CS Kumamoto U CMU CS

Stream mining E{‘; ( Stream mining

* Applications * Requirements /\/\/\/\/\/\/\
— Sensor monitoring —Fast —

—Network analysis high performance and quick response
—Financial and/or business transaction data .
—Nimble

—Web access and media service logs . .
. . . low memory consumption, single scan
—Moving object tracking

—Accurate
good approximation for pattern discovery

— Industrial manufacturing

and feature extraction

hitp://www.cs.kumamoto-u.ac.jp/ hitp://www.cs kumamoto-u.ac.jp
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Monitoring data streams g& ( Monitoring data streams

80
¢ Correlation coefficient o ﬁ% * Correlation monitoring [Zhu+, vidb02]
u By — DFT coefficients for each basic window -y’

- %) -7 13 5 7 9 11 Dennis Shasha

_ Ez=1 (o =%) (=) — Correlation coefficient of each sliding window

o(x)-o(y) o(x) =y X, (%, =)’ computed from the “sketch’ (DFT coefs)

Sequence X [TTTT"] (EIISININ (SIS ENENN

* Correlation coefficient and the (Euclidean) s U R E—

distance I I I I

1 n A A N2 ~ — DFT coefs DFT coefs DFT coefs DFT coefs
p=1_52=1(x,-y,) %, =(x, -x)/ o(x)

Sequence Y [T (NN (NN WENNN

liding window
hitp://www.cs kumamoto-u.ac.jp Sliding windo

httpz//www.cs.k to-u.ac.jp/ )
p://Www.cs.kumamoto-u.ac.jp! ©2016 Sakurai, Matsubara & Faloutsos 191 —yasuko/ TALKS/16-WWW-tut/ ©2016 Sakurai, Matsubara & Faloutsos 192
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Kumamoto U CMU CS

Monitoring data streams

* QGrid structure (to avoid checking all pairs)
— DFT coefficients yields a vector
— High correlation -> closeness in the vector space

Vector ¥, of sequence X'

/ Vector V, of sequence Y

V2 Ye
[ [ []

Correlation coefficients and
the Euclidean distance

lQr ,» &
p=1_52,=1(xr _yt)Z

hitp://www.cs kumamoto-u.ac.jp/
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Kumamoto U CMU CS

Monitoring data streams

* Lag correlation [Sakurai+, sigmod05]

Kumamoto U CMU CS

Monitoring data streams

* Lag correlation [Sakurai+, sigmod05]

3
/
0.4 /
° seee 10000 15000 \
- s / \
o . £ o /
3 /
26 E //
2 & oo /
3o / \
= / !
ze o2
1. o se0 1000 1500 2000
16 Lag .
° 5% e 1 t=ee> CCF (Cross-Correlation Function)
hitp://wvww.cs kumamoto-u.ac, .
O TALKS/ 6 W) © 2016 Sakurai, Matsubara & Faloutsos 194
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Lag correlation

* Definition of ‘score’, absolute value of R(/)
ELH] (xz - f)(yt—l B )7)

S0 S- vy

score(l) = ‘R(l)‘ R()=

* Lag correlation
— Given a threshold y, score(l) >y
— A local maximum
— The earliest such maximum, if more maxima exist

hitp://www.cs kumamoto-u.ac.jp
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correlated with
. lag /=1300
0.4 ,/'I \
/ \
€ ,” \
2 o2t /
: /
2 8 o0 /
e L] 500 1000 1500 2000
16 Lag . .
° 00 e t=ee> CCF (Cross-Correlation Function)
ipefrarw s Kimamote nac o/ ©2016 Sakurai, Matsubara & Faloutsos 195
Kumamoto U CMU Cs

Lag correlation

* Why not naive?
— Compute correlation coefficient for each lag
1={0,1,2,3,...,0/2}
* But
— O(n) space
— O(n?) time
—or O(n log n) time w/ FFT

Correlation

hitp://www.cs.kumamoto-u.ac.jp/

sk TALKS/ | 6 WWW-sat) ©2016 Sakurai, Matsubara & Faloutsos 197

(c) 2016 Sakurai, Matsubara & Faloutsos

Kumamoto U CMU CS

Lag correlation

* BRAID
— Geometric lag probing + smoothing
— Use colored windows

— Keep track of only a geometric progression of the lag
values: /=10,1,2,4,8,...,2"% ...} [ Multi-scale

23 22212 windows
= o
N P
_ S
NIRRT F R — e 23
Lag

hitp://www.cs kumamoto-u.ac.jp

—vasuko/ TALKS/16-WWW-tuy ©2016 Sakurai, Matsubara & Faloutsos 198
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Kumamoto U CMU CS

Lag correlation

* BRAID
— Geometric lag probing + smoothing

— Keep track of only a geometric progression of the lag
values: /=1{0,1,2,4,8,...,2" ...}

N

-2

=0 3

Level §

<

]

x [T #=0
Time t=n
Lag
hitp:/Avww.cs ki -uac.jp/

pi/cs kumamolo-uacp ©2016 Sakurai, Matsubara & Faloutsos 199
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Kumamoto U CMU CS

Lag correlation

* BRAID
— Geometric lag probing + smoothing

— Keep track of only a geometric progression of the lag
values: /=1{0,1,2,4,8,...,2 ...}

it
2
I=1 S|
Level &
S
]
x [T #=0
Time t=n
Lag
http:/iwwwes ki -uac
piwari.ca umamoto-wacIp ©2016 Sakurai, Matsubara & Faloutsos 200
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Kumamoto U CMU CS

Lag correlation

* BRAID
— Geometric lag probing + smoothing

— Keep track of only a geometric progression of the lag
values: /=1{0,1,2,4,8,...,2" ...}

v (O

5 o

2

=2 S| °

Level I

S}

<

x (ITTTTT T
Time =12
Lag
P -wac.jp/
utpi/svww.es kumamoto-u.acp ©2016 Sakurai, Matsubara & Faloutsos 201
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Kumamoto U CMU CS

Lag correlation

* BRAID
— Geometric lag probing + smoothing

— Keep track of only a geometric progression of the lag
values: /=1{0,1,2,4,8,...,2h, ...}

YT B =2 (1 @
2
I=4 Il ° A
Level =
S)
<
x [T T Wl
Time  4=1/4
Lag
Il www.cs. -u.ac,
hp://svwwcs kumamoto-u.ac p ©2016 Sakurai, Matsubara & Faloutsos 202
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Kumamoto U CMU CS

Lag correlation

* BRAID
— Geometric lag probing + smoothing

— Keep track of only a geometric progression of the lag
values: /=1{0,1,2,4,8,...,2" ...}

1 T

2

=8 3

Level I

S}

<

x [ -3
Time 4i=n/8
ST -wac.jp/

hutpi/svww.es kumamoto-u.acp ©2016 Sakurai, Matsubara & Faloutsos 203
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Kumamoto U CMU CS

Lag correlation

* BRAID
— Geometric lag probing + smoothing
— Keep track of only a geometric progression of the lag
values: /=10,1,2,4,8,...,2" ...}
— Use a cubic spline to interpolate

§

5

Level §

] t

oo [T #-0
Time t=n
Lag
hp://svwwcs kumamoto-u.ac p ©2016 Sakurai, Matsubara & Faloutsos 204
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Lag correlation

* Why not naive?
— Compute correlation coefficient for each lag
1={0,1,2,3,...,n/2}

* But

— O(n) space BRAID

— O(n?) time * O(log n) space

—orO(nlogn)timew/| o (O(]) time

oo o [T Multi-scale
Time =n windows

hitp/forscs kumamoto-wac o/ ©2016 Sakurai, Matsubara & Faloutsos 205
Kumamoto U cmucs

BRAID in the real world

* Bridge structural health monitoring

— Goal: real-time anomaly detection for disaster
prevention

— Several thousands readings (per sec) from several
hundreds sensor nodes

* Uses BRAID

* Metropolitan Expressway
(Tokyo, Japan)

Vibration/shock sensor
Structural health monitoring

hitp://www.cs.kumamoto-u.ac.jp/
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Kumamoto U CMU CS

BRAID in the real world

* Bridge structural health monitoring
— Structural monitoring using vibration/shock sensors
— Keep track of lag correlations for sensor data

[,
v,
LA,

© 2016 Sakurai, Matsubara & Faloutsos 206

—

http://www.cs.kumamoto-u.ac.jp
~vasuko/TALKS/16-WWW-tut/

Kumamoto U CMU CS

BRAID in the real world

* Bridge structural health monitoring with BRAID

Metropoian Expressway
(Tokyo, Japan)

Can Tho Bridge (Vietnam)

hitp://www.cs kumamoto-u.ac.jp

~vasuko/ TALKS/16-WWW-tuy ©2016 Sakurai, Matsubara & Faloutsos 208

Kumamoto U CMU CS

Feature extraction from streams

* Find hidden variables
from streams
[Papadimitriou+,
vldb2005]

normal
operation

water distribution network

May have hundreds of measurements, but
it is unlikely they are completely unrelated!

hitp://www.cs.kumamoto-u.ac.jp/

sk TALKS/ | 6 WWW-sat) ©2016 Sakurai, Matsubara & Faloutsos 209

(c) 2016 Sakurai, Matsubara & Faloutsos

Kumamoto U CMU CS

Feature extraction from streams

hidden variables

- [ Phase1 | Phase2 Phase 3 ]
NAnANRARAR NIRRT
OO (O s
T : near leak
T
L A PECEER g s

S '

———t__jaway
H“'w\“‘g“‘\:u{\‘\\‘"\\“ from leak

AT
%(_J%(_J%(_J
normal operation = major leak
May have hundreds of measurements, but
it is unlikely they are completely unrelated!

water distribution network

hitp://www.cs kumamoto-u.ac.jp

—vasuko/ TALKS/16-WWW-tuy ©2016 Sakurai, Matsubara & Faloutsos 210

35



Tutorial @WWW'16

( Motivation

Phase 1 Phase 2 . Phase1 | Phase2

NN
VIV

I "FVH N
‘whuuu“‘l\“}\l

L
N

k hidden variable(s)

chlorine concentrations

actual measurements
(n streams)

We would like to discover a few “hidden
(latent) variables” that summarize the key trends

http://www.cs kumamoto-u.acjp;

stk TALKS) L6 W W W) ©2016 Sakurai, Matsubara & Faloutsos 212

m\\\ “HM I

Kumamoto U CMU CS
. .
( Motivation
Phase 1 . [ Phase1
o i : “”"W ]‘W
f 1l - T
£ Imimmm 2l
[
g M‘J”U‘th”
| — 1000,
3 I '
o wwm k=1
2 \ T"‘“
5 VNG Jillk
actual measurements k hidden variable(s)
(n streams)
We would like to discover a few “hidden
(latent) variables” that summarize the key trends
"N“Z:/u‘f(:/‘;:i;“s'fl‘g“\‘i;“’,,‘wm/ ©2016 Sakurai, Matsubara & Faloutsos 211
Kumamoto U CMU CS
. .
Motivation
_[_Phase1 | [ Phase 3] [ Phase1 | Phase 3
N "” 1 i
1 AL,

0w o
0

qilll VN\H‘““U
T -

actual measurements
(n streams)

chlorine concentrations

k hidden variable(s)

We would like to discover a few “hidden
(latent) variables” that summarize the key trends

http://www.cs. kumamoto-u.ac.jp/

Kumamoto U CMU CS

How to capture correlations?

e vasuko TALK S/ 6-WWW-tt/ ©2016 Sakurai, Matsubara & Faloutsos 213
Kumamoto U CMU CS
Fone?
How to capture correlations?
First sensor
1 12¢ Second sensor
[
o
g
®
g
g
g 20°C £
time— 2
T‘Z:C‘f(‘;’/‘;;i;"sﬂz‘“&%m“‘jy ©2016 Sakurai, Matsubara & Faloutsos 215

First sensor
1 +30°C
~
©
2
S
\T/ g
g
20°C £
time— 2
http://www.cs.kumamoto-u.ac.jp/ . . . 5
ko TALKS/| 6 WWW-tat © 2016 Sakurai, Matsubara & Faloutsos 214
Kumamoto U CMU CS

(c) 2016 Sakurai, Matsubara & Faloutsos

How to capture correlations?

Correlations:
30°C 4 H
e Let’s take a closer
2 look at the first
g three value-pairs...
€ 20c + H
k]
- L ; ; |
! 20°C 30°C !
T‘%ﬁmﬁfﬂzm&ﬁ,‘xﬁﬁe MPEratyite Sakurai, Matsubara & Faloutsos 216
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Kumamoto U CMU CS

How to capture correlations?

First three lie
(almost) on a line
in the space of
value-pairs...

* O(n) numbers
for the slope,
and

* One number for

- . each value-pair

e - | (offset on line)

hitp://www.cs kumamoto-u.ac jpTermn peratuyre T .
AT K16 D 3EY76 Skurai, Matsubara & Faloutsos 217

Temperature T,

Kumamoto U CMU CS

How to capture correlations?

Kumamoto U CMU CS

Incremental update

. Other pairs also
Y D follow the same
F pattern: they lie
g ’ (approximately)
g on this line

I p ——
e T S, st s

For each new
30°C error\ .
, ° point
-
£  Project onto
g current line
£ 20°C
o .
. - Estimate error
T " " |

! 20°C 30°C ! o New value
Plpi/ s Kumamote 1 4¢PTeMPE T Sakurai, Matsubara & Faloutsos 219
Kumamoto U CMU CS

Incremental update

Incremental update

For each new point

+ Project onto
current line

- Estimate error

« Rotate line in the
direction of the
error and in
proportion to its
magnitude

Temperature T,

| . . |
— — 1
20°C 30°C

hitp://www.cs kumamoto-u.aciplemperature T )
e TALKS/ Wi 35476 Shkurai, Matsubara & Faloutsos 21

For each new point
T error + Project onto
K current line
5 + Estimate error
é 200C * Rptat@ line in the
# direction of the
errorand in
proportion to its
magnitude
o : | 20(n) time
20°C 300C
bl wes umamoto-b.ae PTEMPEr g s Sakurai, Matsubara & Faloutsos 20

(c) 2016 Sakurai, Matsubara & Faloutsos

Related work

* Wavelet over streams [Gilbert+,vldb01] [Guha
+,v1db04]

» Fourier representations [Gilbert+, stoc02]

* KNN [Koudas+, 04] [Korn+, vldb02]

» Histograms [Guha+, stoc01]

* Clustering [Guha+, focs00] [Aggarwal+, vldb03]

 Sketches [Indyk+, vldb00] [Cormode+, J. Algorithms
05]

hitp://www.cs kumamoto-u.ac.jp

 vasuko/TALKS/16- WWW-fut/ ©2016 Sakurai, Matsubara & Faloutsos 22
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Kumamoto U

Related work

* Heavy hitters [Cormode+, vidb03]
» Data embedding [Indyk+, focs00]
* Burst detection [Zhu+, kdd03]

» Segmentation [Keogh+, icdm01]

* Multiple scale analysis [Papadimitriou+,
sigmod06]

* Fractal [Kornt, sigmod06]
* Time warping [Sakurai+, icde07]...

hitp://www.cs kumamoto-u.ac.jp)

ko TALKS/ L6 W Wt ©2016 Sakurai, Matsubara & Faloutsos

CMU CS

Kumamoto U

Outline

* Motivation
* Similarity Search and Indexing
* Feature extraction
 Streaming pattern discovery
* Linear forecasting
#' Automatic mining

http://www.cs.kumamoto-u.ac.jp

stk TALKS) L6 W W W) ©2016 Sakurai, Matsubara & Faloutsos

CMU CS

224

Kumamoto U

Motivation

Given: co-evolving time-series
—e.g., MoCap (leg/arm sensors)

“Chicken dance”
left/right
legs 1

0.51
left/right
armsg

WA

CMU CS

800 1000
Time

hitp://www.cs.kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & Faloutsos

1200

Kumamoto U

Motivation

Given: co-evolving time-series
—e.g., MoCap (leg/arm sensors)

Q. Any distinct
patterns?

“Chicken dance”
left/right
legs 1/

0.5F /=
left/right q7/ A
armsp YV

Q. If yes, how many? [Time

CMU CS

Q. What kind?

Kumamoto U

Motivation

Challenges: co-evolving sequences
— Unknown # of patterns (e.g., beaks)
— Different durations

beaks wings tail feathers  claps

CMU CS

~vasuko/TALKS/16-WWW-tut/

left/right

legs 1/ )

0.5 A\ 1

left/right ,./ \/ AA a4

armsp Y V L L L WV AN VA

200 400 600 800 1000 1200
Time
hutpi/vwiacs Kumamoto-v.ac.jp/ ©2016 Sakurai, Matsubara & Faloutsos 27

kO TAL KS/ LW W ot © 2016 Sakurai, Matsubara & Faloutsos 226
Kumamoto U CMU CS
Motivation

Goal: find patterns that agree with human intuition
left/right
legs 1} - ~
Input N
Teft/right )/
armsg

800

hitp://www.cs kumamoto-u.ac.jp

ko TALKS/| 6 WWW-tat ©2016 Sakurai, Matsubara & Faloutsos

228

(c) 2016 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU Cs Kumamoto U CMU Cs
Motivation E& 4 Motivation
Goal: find patterns that agree with human intuition Goal: find patterns that agree with human intuition
left/right . i i i i i left/right
legs 1P — legs
Input Input NO magic numbers !
0.5} 0
left/right , left/right *
armsg arms
Tail feathers Tail feathers Tail feathers
-BeaksT  MEEN | Beaks NN ) - s
Output | : : , : : Outputj | Automatic!
© Wings . N Wings i . _Wings
< f N I i i <t I I i} -
hitpdforort o I mameto-nacip/ ©2016 Sakurai, Matsubara & Faloutsos 29 hitpiforaca Iumamoto-nac ) ©2016 Sakurai, Matsubara & Faloutsos 20

Why: Automatic mining E& ( How: Automatic mining
. * *
No magic numbers! ... because, " ool / Goal: fully-automatic modeling
‘Manual (use magic) e « Given: data X
- sensitive to the parameter tuning

* Find: a compact description (model M) of X

o
o000
© oo 9 » o
oo o
o

- long tuning steps (hours, days, ...)

ﬁAutomatic (no magic numbers)

- no expert tuning required

Big data mining: Data (X) Ideal model (M)
-> we cannot afford human intervention!! Q. How can we find the best model M?
tpefrar s kumamoto nac o/ ©2016 Sakurai, Matsubara & Faloutsos 231 s kumamote nac b/ ©2016 Sakurai, Matsubara & Faloutsos 232
Kumamoto U . . . CMU CS Kumamot to U Solution: MDL (Minimum CMU CS
How: Automatic mining .
A description length)
Goal: fully-automatic modeling Solution: Minimize total encoding cost $ !
e Given: data X —Occam’s razor (i.e., law of parsimony)
« Find: a compact description (model M) of X —Fully automatic parameter optimization
—No over-fitting Ideal model

Answer: MDL! J\M 1% il
| \ v

07 N /
\ o,
; %
vata (&) Tacar Iouct (IvI) ,,. \k,/ ,, L
Q. How can we find the best model M? ! gl T G

hitp://www.cs kumamoto-u.ac.jp/ hitp://www.cs kumamoto-u.ac.jp/ e [Bishop: PR&ML]
ko TAL KS/16- WWW-tat/ ©2016 Sakurai, Matsubara & Faloutsos 233 AL kS bW ©2016 Sakurai, Matsubara & Faloutsos 234

(c) 2016 Sakurai, Matsubara & Faloutsos
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( Solution: MDL (Minimum ¢ R a m [Matsubara+ SIGMOD" 14]
description length) B

Solution: Minimize total encoding cost $ !

n 01 + [comt 1) AutoPlait: Automatic
Cost; (X;M) = min (| Costy (M) + |Cost (X|M o o .
Total cost Model cost Coding cost (error) Mlnl.llg Of CO_eVOlVlng
$$$ $$ $ (deal) $$$$ Time Sequences

K 2 Cy=3
’ \ /

)

Yasuko Matsubara (Kumamoto University)

Yasushi Sakurai (Kumamoto University),
Christos Faloutsos (CMU)

Ccomsssts |- I el ¥
hiy (f//w\vwcs kumamolo—u‘ac /" I ‘ [Bishop: PR&ME] http://www.cs.kumamoto-u.ac.jp/
e TALKS/ LWy ©2016 Sakurai, Matsubara & Faloutsos 235 O TALKS/ 6 W) ©2016 Sakurai, Matsubara & Faloutsos 236
Problem definition E& ( Problem definition
Goal: find patterns that agree with human intuition e Bundle : set of d co-evolving sequences
left/right i . i . i ' _
legs 1fa = I o d)x(n— {x5--5x,}
Input ol
leftrighty AW
amspl—— Bundle X —
et e DR Py (d=4) =/~ 1 Wi
Tail feathers Tail feathers 0 25/0\) 1000 1200
Outout| Beaks M '~ Beaks N ~ - [ || | I
[ P ] o " Claps W Clips ~ I . ]
o[ Wings | NS  Wings N o f — L
<[ . ‘ g B ] - [ I | ]
tpefrar s kumamoto nac o/ ©2016 Sakurai, Matsubara & Faloutsos 237 s kumamote nac b/ ©2016 Sakurai, Matsubara & Faloutsos 238
Problem definition E& ( Problem definition
* Segment: convert X -> m segments, S * Regime: segment groups: ©=46,,6,....6,A_}
S = {805, }
Regimes 6, : model of regime r
| T B A I W po r=4
5156747 (38 (r=4) | 7
Segment _ o¢s =A

05} /)

(m=8) o VWA v 0 \
800 1000 1200 200 400 600 800 1000 1200
- 6, -I ||
o . ] beaks ~ g, | ]
o .
L wings._ 0, o[ [ I |
. m— ) Pl — ]

(c) 2016 Sakurai, Matsubara & Faloutsos
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Kumamoto U

CMU CS Kumamoto U

Problem definition g. ( Problem definition

e Given: bundle X g
legs 1

* Segment-membership: assignment

F={finrfo}

lefuright sy )
X={x,....x,}

Tiom 1200
F={ 2,4
{05 | * Find: compact descrlptlon Cof X
N/ PRy
MM ‘ \ g
0 200 400 600 800 1000 _ 1200 C={m,r,S,0,F} 05,,"—\“
- [ | |
Segment-
.o I || ] o —
membership , : . = - —
(m=8)  «[ mmm i .
o TAT KA Gy © 2016 Sakuri, Matsuars & Flousos 2 e TATK S AWy 2016 Sakurs, Matsubara & Falousos 20

Kumamoto U

CMU CS Kumamoto U

Problem definition E& ( Main ideas

* Given: bundle X g E— _ Goal: compact description of X
X ={x,0ox,} - C={m,r.S.0,F}

without user intervention!!

* Find: compact descrlptlon Cof X

Challenges:
— 1. How to generate ‘informative’ regimes ?
C={m, r.@) F}oos Q & &
o . .
m segments  — Q2. How to decide # of regimes/segments ?
o
r regimes vl -
Segment-membership
tpefrar s kumamoto nac o/ ©2016 Sakurai, Matsubara & Faloutsos 243 s kumamote nac b/ ©2016 Sakurai, Matsubara & Faloutsos 244

Kumamoto U

CMU CS Kumamoto U

. . Idea (1): MLCM: multi-level & 7
Main ideas E& 4 @) ey 2&)

chain model
Goal: compact description of X

Q1. How to generate ‘informative’ regimes ?
C={m,r,5,0,F}
without user intervention!! Model (_beaks ] [ claps ]
Challenges: AL
Q1. How to generate ‘informative’ regimes ? Sequences Regimes
Idea (1): Multi-level chain model
Q2. How to decide # of regimes/segments ?
Idea (2): Model description cost
tpcfrar s kumamoto naac o/ ©2016 Sakurai, Matsubara & Faloutsos 245 hpiearscs knmamote nac o/ ©2016 Sakurai, Matsubara & Faloutsos 246

(c) 2016 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU CS

Idea (1): MLCM: multi-level g

chain model
Q1. How to generate ‘informative’ regimes ?
[ beaks H claps ]
N P

wings D

Regimes
Idea (1): Multi-level chain model
—HMM-based probabilistic model

—with “across-regime” transitions

Model

Sequences

hitp://www.cs kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & Faloutsos 247

Kumamoto U CMU CS

Idea (2):
model description cost
Q2. How to decide # of regimes/segments ?

Idea (2): Model description cost
* Minimize encoding cost

« find “optimal” # of segments/regimes

http://www.cs. kumamoto-u.ac.jp/

sk TALKS/ | 6 WWW-sat) ©2016 Sakurai, Matsubara & Faloutsos 249

Idea (2):
model description cost

Total cost of bundle X, given C
C={m,r,S,0,F}

Costr(X;C) = Costr(X;m,r,S,0,F)
=log™(n) + log™(d) + log" (m) + log™ (r) + mlog(r)

m—1

+ Y log" |si| + Costu (®) + Costc(X|©)  (6)

i=1

http://www.cs. kumamoto-u.ac.jp/

Ny

0

Idea (1): MLCM: multi-level
chain model

CMU CS

©={0.6,...0,.A,,}  (0.={m.A.B})

Single HMM
parameters

r regimes across-regime
(HMMs)  transition prob.

61]

min (’CostM(M)

hitp://www.cs kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/

Regime Regimes
a‘?”O [C¥F3 61 switch 0 r=2
(staCte] Nstate 2 & |ay %Statgz;llz 2 Regime 1
a1 state 3 DO \ (%) (k:3)
=) i a .
D ./a‘ﬂ 0, 221 DQ Regime 2
5y U state 2 (k=2)
Regime1 “beaks” Regime2 “wings” B
Kun\(alnu Idea (2): CMU CS
model description cost
.. . . ==CostM
Idea: Minimize encoding cost! —CostC
CostT

+ | Cost(XIM)|)
Coding cost

Model cost _—
12345678910
(# of r, m)

Good . Good
compression ¥/  description

© 2016 Sakurai, Matsubara & Faloutsos 250

sk TALKS/ | 6 WWW-sat) ©2016 Sakurai, Matsubara & Faloutsos 251

(c) 2016 Sakurai, Matsubara & Faloutsos

Total cost of bundle X, given C

Idea (2): _
model description cost
C={m,r,S,0,F}

# of segments/ segment-
regimes membership F

Costr(X;C) = Costr(X;m,r,8,0,F)

= log"(n) + log™ (d) 4 log" (m) + log™ (r) + m log(r)

+ mz_l log” |si|+f Costu (®) 4| Costc(X|©)  (6)
i=1 \L \

segment  Model description Coding cost
lengths cost of of X given ©
h:“;iﬁmﬁ:é"smm&%}mﬁ ©2016 Sakurai, Matsubara & Faloutsos 252
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Kumamoto U

AutoPlait

CMU CS

Overview

ion 0 Mo ]
Iteration 0

r=1, m=1

Start!

9500/

a00 \ =1
8500
2 5000
7500

7000

650!

01234567
Iteration

http://www.cs.kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/.

© 2016 Sakurai, Matsubara & Faloutsos
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oo,

Kumamoto U CMU CS

AutoPlait

. X |
Iteration 1

r=2, m=4 ¢, ;—;—
82

Overview

9500
9000
8500
8000

7500

7000

01234567
Iteration

hitp://www.cs kumamoto-u.ac.jp/

stk TALKS) L6 W W W) ©2016 Sakurai, Matsubara & Faloutsos 254

Kumamoto U

AutoPlait

CMU CS

. X b
Iteration 1

Overview

r=2, m=4 ¢,

!

Iteration 2
iteration Z
r=3, m=6 4

0,

01234567
Iteration

http://www.cs. kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU Cs

AutoPlait

. X |
Iteration 1
r=2, m=4 ¢,

!

Iteration 2

Overview

9000 r=3, m=6

8500 0. |
[
g 8000 l fi=2 f=4 fi=3 ],

7500

. m‘ W ~ | QA
7000 Iteration 4
0 r=4, m=8 g ‘
01234567 93”"
Iteration o

hitp://www.cs kumamoto-u.ac.jp/

T nstko TALKS) 16 W W W) ©2016 Sakurai, Matsubara & Faloutsos

Kumamoto U

AutoPlait

Algorithms

1. CutPointSearch

Find good cut-points/segments

Inner loop

Estimate good regime parameters @

3. AutoPlait

2. RegimeSplit
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Search for the best number of regimes (r=2,3,4...)

257
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1. CutPointSearch :

Inner-most loop

- bundle m

Given:

- parameters of two regimes ©=16,.0,,A}

Find: cut-points of segment sets S;, S,,
{§,,S,} =argmax P(XS,,S,,0)

81,8,

X
S, ={5,,8,}

0 [T TN 5, - (5,5,

hitp: sk 10-U.4C ] n
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1. CutPointSearch

6,
DP algorithm
to compute
likelihood: switch?? \ 4, %
P(X | @) state 1 .v.y.w 4
62 state 2 .A.A@k A.A
L,@)={4} L,()={3} L,6)={4}

t=1 t=2 =3 =4 =5 =6

Kumamoto U CMU CS

1. CutPointSearch

Theoretical analysis
Scalability ,
Tt takes  OdK7) time (only single scan)
- n: length of X

- d: dimension of X
- k: # of hidden states in regime

Accuracy

It guarantees the optimal cut points
- (Details in paper)

hitp://www.cs kumamoto-u.ac.jp/
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. .
2. RegimeSplit ;
Inner loop

Given:

- bundle
Find:

1. find cut-points of segment sets: S,, S,

"Pudened]

2. estimate parameters of two regimes:

0=1{6,,6,,A}

http://www.cs. kumamoto-u.ac.jp/
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( 2. RegimeSplit

Two-phase iterative approach
- Phase 1: (CutPointSearch)
- Split segments into two groups : S,,.S,
- Phase 2: (BaumWelch)
- Update model parameters: © ={6,,6,,A}

Phase 1

Kumamoto U CMU CS

3. AutoPlait .

Outer loop

“Plabeanntl]

Given:

- bundle

Find: | r regimes (r=2, 3, 4, ... )|

- i.e., find full parameter set
C={mr,S0,F} - = _ =

@ 2w
ol T HEN  mm
LI D N
s, -u.ac.p/
TZ:MX;&?&?&%«V%E ©2016 Sakurai, Matsubara & Faloutsos 263

S 2= {S 158 3} )
{Hl,HZ’A} Phase 2
, waci/
hitpdiscs knmamote wacdp ©2016 Sakurai, Matsubara & Faloutsos 262
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(c) 2016 Sakurai, Matsubara & Faloutsos

? 4 3. AutoPlait

Split regimes r=2,3,..., as long as cost keeps decreasing
- Find appropriate # of regimes

r = min Cost,(X;m,r,S,0,F)

r=4, m=38
f=2f=4 [;=3f=1 f;=

2 fi=4 f=3 f=1

I~

s

2

hitp://www.cs kumamoto-u.ac.jp/
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Sense-making
MoCap data

left/right _beaks tail feathers beaks tail feathers

AutoPlait ~ ‘'ees ipaJvines  daps_| Jwings , - [clées
i 05|

(NO magic ieturight)

A

AW

numbers) 800 1000 1200

b ~ [ || ]

of | I

S | 3

(a) AUTOPLAIT (no user defined parameters)
m=2 [ R R ] o

] T v o i o B . :
meg [ Tg¥] T I Jalgl] [addg | o o— —

2 /ﬁynaMMo (Li et al, KDD'09)

"+ #pHMM (Wang et al., SIGMOD’11)

hitp://www.cs kumamoto-u.ac.jp/
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Sense-making
MoCap data

walk run jump walk kick jumpjump wave hands

Ieﬂ/rigm1 . wal

legs ||/ [
R\

0.5

left/right .
arms

1 | v

1000 2000 3000 4000 5000 6000 7000 8000

- [ || ]

o | ]

o [ . || ]

<« [ | |

o [ || ] 2
i
]

o [

~ [ -
AutoPlait (NO magic numbers)

http://www.cs kumamoto-u.acjp/
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Q2. Accuracy

(a) Segmentation (b) Clustering

08
Target
AutoPlait—” @ 06
= )
Q oy >
& “& . pHMM 504
08 SR 2
A =
DynaMMo El Wo2
07 N ? @
0
02 04 08,08 1 AutoPlait  pHMM

(a) Precision and recall (higher is better) (b) CE score (lower is better)

AutoPlait needs “no magic numbers” "4
http://www.cs. kumamoto-u.ac.jp/ y
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Q3. Scalability

Wall clock time vs. data size (length) : n
AutoPlait scales linearly, i.e., O(n)

pHMM ¥ =
iy /" DynaMMo,.- =~
2 ///f/ /,:/’;///
100l S A i
LR -~~~ AutoPlait
S - -

10° 0° 10° '
Length of bundle

hitp://www.cs kumamoto-u.ac.jp/
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App. Event discovery

(GoogleTrend)
Anomaly detection (flu-related topics,10 years)

10 "flu fever" |
"flu symptom"
] "flu headache"
S5 "flu medicine"

ol W\\v JW:W 4
50 100 150 200 250 300 350 400 450
Time (per week)
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App. Event discovery

(GoogleTrend)
Anomaly detection (flu-related topics,10 years)

—"flu fever"

10 . Y A Oct 2009
"flu symptom . | April 2009 ™~ "Swine flu
g "flu headache” | »Swing flu | | vaccine"
55 flu medicine" | outbreak" \ \
m oA Al
\ r,\,,""\- ) 1A\ A

al /
50 100 150 200 250 300 350 400 450
Time (per week)

: - 3

(a) Flu-related topics (regimes r = 2)

AutoPlait detects 1 unusual spike in 2009
(i.e., swine flu)

© 2016 Sakurai, Matsubara & Faloutsos 270

hitp://www.cs kumamoto-u.ac.jp/
~vasuko/TALKS/16-WWW-tut/

45



Tutorial @WWW'16

Kumamoto U

App. Event discovery
(GoogleTrend)

— "ice cream"

— "milk shake"

—— "hot cocoa"
"gingerbread"

Value

6
4
2
0

50 100 150 20 30
Time (per week)
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Turning point detection (seasonal sweets topics)

CMU CS

Kumamoto U CMU CS

App. Event discovery
(GoogleTrend)

Turning point detection (seasonal sweets topics)

—"ice cream"
Dec 2010
8] "milk shake" "ew android — >
L4 "hot cocoa" |
El ‘ OS released" I
g 2 "gingerbread" 1 | i |
T b b AT N

Y. ) 4
50 100 150 200 0 300
Time (per week)

(b) Seasonal sweets topics (regimes r = 2)

Trend suddenly changed in 2010 (release of
android OS “Ginger bread”, “Ice Cream Sandwich”)

hitp:/wvww.cs kumamoto-u.ac. .
D P ©2016 Sakurai, Matsubara & Faloutsos m
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App. Event discovery
(GoogleTrend)

Trend discovery (game-related topics)

——"xbox" ——"ps2, ps3" —"wii" "android"

I

|
3|

L
|
AJN
AT VAW ) e
50 100 150 200 250 300 350 400 450

Time (per week)
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Industrial contribution

* Automobile sensor data
—location, velocity, longitudinal/lateral
acceleration

hitp://www.cs.kumamoto-u.ac.jp/
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App. Event discovery
(GoogleTrend)

Trend discovery (game-related topics)

20 "xbox" "ps2, ps3" "wii "android"
1. xbox, 2. wii Dec | 3- mobile
° 15 playstation Nov 2006 554g | games
s wii launches Dec 2011
s 10 | ¥ N &
> | | | Y
5 |
win. j
olaad WS g ol | rad

50 100 150 200 250 300 350 400 450
Time (per week)

- I —
N ————— E—]
o — T ——

(c) Game-related topics (regimes r = 3)

It discovers 3 phases of “game console war”
(Xbox&PlayStation/Wii/Mobile social games)

hitp://www.cs kumamoto-u.ac.jp
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Code at

* http://www.cs.kumamoto-u.ac.jp/~yasuko/
software.html

hitp://www.cs kumamoto-u.ac.jp
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Part 1 — Conclusions

* Motivation

* Similarity Search and Indexing
* Feature extraction

* Linear forecasting

* Streaming pattern discovery

* Automatic mining

hitp://www.cs kumamoto-u.ac.jp)
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Part 1 — Conclusions

* Motivation

* Similarity Search and Indexing
—Euclidean/time-warping
—extract features
—index (SAM, R-tree)

* Feature extraction

—SVD, ICA, DFT, DWT (multi-scale
windows)

http://www.cs.kumamoto-u.ac.jp
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Kumamoto U CMU CS

Part 1 — Conclusions

* Linear forecasting
— AR, RLS

* Streaming pattern discovery
—RLS, “incremental” wavelet transform
—Multi-scale windows

* Automatic mining

Kumamoto U CMU CS
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summarization
Yasushi Sakurai (Kumamoto University)
Yasuko Matsubara (Kumamoto University)
Christos Faloutsos (Carnegie Mellon University)

http://www.cs.kumamoto-u.ac.jp

stk TALKS) L6 W W W) ©2016 Sakurai, Matsubara & Faloutsos 284

(c) 2016 Sakurai, Matsubara & Faloutsos

48



