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Non-linear mining and

forecasting
Q. What are “non-linear phenomena”?

Example: logistic parabola
Models population of flies [R. May/1976]

| Ty = axy - (1 — xy) |

Time-series plot
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Non-linear mining and

forecasting
Q. What are “non-linear phenomena”?

htty V.
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Logistic
"~ map

Problem:

Given: a time series X,

Predict: its future course, ic, X, 15X, 55+

"~ ‘map
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( How to forecast?

Linear equations, e.g., AR, ARIMA, ...

$t+1

/\

CMU CS

n,/} ok x o5
http://www.cs.kumamoto:

Matsubara & Faloutsos
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Kumamoto U

How to forecast? Ef’; ( How to forecast?
Solution 1 Solution 1
Linear equations, e.g., AR, ARIMA, ... Linear equations, e.g., AR, ARIMA, ...
@ but: linearity assumption
Li41.. il
o5 / o5 / R . 1
e.g., AR(1) ’ \ . AR(D) A ARt fails
Tip1 = QT + € T /’v \ Tyy] = X+ € \
AH T T, T
T;i://w»:“;;kufr",‘\aﬁfﬁ _KDD-wuy___© 2017 Sakurai, Matsubara & Faloutsos 7 ::'://“rf':wikf:,\a&m: -KDD:y € 2017 Sakurai, Matsubara & Faloutsos 8
Kumamoto U ‘) CMU CS Kumamoto U General Intuition CMU CS
How to forecast?
(Lag Plot)
Solution 2
13 . LS L) Lag=1,
Delayed Coordinate Embedding X, B NN
= Lag Plots [Sauer92] Interpolate —t
- Based on k-nearest neighbor search these... o t+
I ++
gl i To get the final +
g B prediction +
Ti4+1 €
4 X1
4NN ,
i : New Point
http://www.cs.kumamoto- ‘ xt http://www.cs.kumamoto-
W ip/~vasuko/ TALKS/17-KDD-tuy_© 2017 Sakurai, Matsubara & Faloutsos 9 wacip/~vasuko TALKS/17-KDD-tay__ © 2017 Sakurai, Matsubara & Faloutsos 10
Kumamoto U FOrecasting results CMU Cs Kumamoto U CMU CS

, ( How to forecast?
(Lag PlOt) [Cha;i;rabanh CIKM'02]
LORENZ. e
NI b “Delayed Coordinate Embedding”
3\/\!\ N = Lag Plots [Sauer92]
o - Based on k-nearest neighbor search

Logistic parabola ==» |
'y I :-f/\'\/\/\'\’\
bbbt bk = VY VWY
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Laser

Rinie Forecast pg) - Non-linear Forecasting!
. s =
E E = - § | xt+ 10t
Original x, Forecasted x,,; . i i
(red) (green)
http://www.cs.kumamoto- ~ i i i - http://www.cs.kumamoto- ~ xt
e ip/~vasuko/ TALKS/17-KDD-tu/ © 2017 Sakurai, Matsubara & Faloutsos 11 wac.in/~vasuko/TALKS/17-KDD-uy _© 2017 Sakurai, Matsubara & Faloutsos 12
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( How to forecast?

“Delayed Coordinate Embedding”

“Black-box” mining
(we don’t know the equations

CMU CS

Tt+1 l

@ But, still,...

Hard to interpret ——=
https//www.cs kumamoto- Ty
y.ac.ip/~vasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 13
( How to forecast?

Non-linear equations

[V

Big Time series g
M g 5
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( Part 2

« Why: “non-linear” modeling

Roadmap

Fundamentals

| Applications
- Epidemics

» 3

- Information diffusion ¥
- (Onhne) competition "' vs. '
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sul
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Kumamoto U CMU CS

How to forecast?
<

“Gray-box” mining
(if we know the equations)

Non-linear
. x o8]
modeling! t+1
x =az; (1 —x
t+1 o ( t) b

http://www.cs.kumamoto- i

wac in/~vasuko/ TALKS/17-KDD-tuy/ _© 2017 Sakurai, Matsubara & Faloutsos 14
Kumamoto U CMU CS

How to forecast?

bac i) vasabo TALKS 1 7-KDD-tay  © 2017 Sakurai, Matsubara & Faloutsos 16

Kumamoto U

Part 2

« Why: “non-linear” modeling

Roadmap

Fundamentals

* Logistic function
» Lotka-Volterra (prey-predator, co
» SI, SIR models, etc.

* Lorenz equations, etc.

http://www noto-
~yasuko

KS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos
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# Grey-box mining and - ( Grey-box mining and
non-linear equations non-linear equations
Information Information

diffusion [ C Population diffusion :l Population
Convection growth Convection  » growth

Competition

[N,

N,
Tl S 4

Competition M‘

=
4 ¢ Big Time series
o>

%

g 5 §
¢ Big Time series
~3 4

Epidemics Epidemics

http://www.cs kumamoto- K http://www.cs kumamoto- .
uacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 19 w.acjp/~yasuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 20

Logistic function Ef; ( Logistic function
So-called “Verhulst” model (=sigmoid, =Bass) So-called “Verhulst” model (=sigmoid, =Bass)
- Population expansion with limited resources - Population expansion with limited resources

P: Population size

al B
dt

P
rl — )

SpeCies P - Initial condition (i.e.,, P(0) =p)
i) r - Growth rate, reproductively
t=0 t=1 t=2 K - Carrying capacity (=available resources)
’;‘;f_””ﬁw © 2017 Sakurai, Matsubara & ;:\?ieuctnsu(;:sy ermenag FreeDigi&alP;t;mS-neL zl:f//viwx .",‘\"L‘E;“I},KDD,N‘ © 2017 Sakurai, Matsubara & Faloutsos 22
Logistic function g ( Lotka-Volterra equations
So-called “Verhulst” model (=sigmoid, =Bass) So-called “prey-predator” model
- Popul
1 Tk 7= &
‘ - [\ 42
r P 1 \ I .
P L Prey (H) H Predator (P)

p - Initial condition (i.e,, P(0) =p ) * H: count of prey (e.g., hare)

r - Growth rate, reproductively e D-

K - Carrying capacity (=available resources) P : count of predators (E.g., lynx)
e aties v kpp-wy © 2017 Sakurai, Matsubara & Faloutsos 23 e tALe 17 kb © 2017 Sakurai, Matsubara & Fa]nu:s“:: " ) 24
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Kumamoto U CMU CS

Lotka-Volterra equations

So-called “prey-predator” model

i =rH —aHP

dt

PP mp -
Prey (H) Ldt Predator (P)

* H: count of prey (e.g., hare)
* P: count of predators (e.g., lynx)

“Tina

http://www.cs kumamoto- .
wacjp/~yasuko/TALKS/17-KDD-wt/ _© 2017 Sakurai, Matsubara & Faloutsos 25

Kumamoto U CMU CS

Extension: “Competitive” Ef;

Lotka-Volterra equations
~ Competition between multiple (d) species

Squirrel  Spider
monkeys monkeys Macaws Capybaras

27

y “Competitive” &
P Lotka-Volterra equations

Competition between multiple (d) species
Popula j

kL f— l’ . o e 5 d)
a,-j : Interaction coefficient

i.e,, effect rate of species j on i IK
hitp://www.cs kum

kumamoto-
asuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 29

( Solution to the
Lotka-Volterra equations.
Phase Space Plot
E e ;\
< Sy .
S :
> g
=S *® b
Gy
o
=

From Wikipedia

w.cs.kumamoto- .
ul ALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 26

y “Competitive” &
P Lotka-Volterra equations

Competition between multiple (d) species
Population of species i Population of j

d
AP, _1(ai;P;
1

(i — 17 cee d)
aij : Interaction coefficient
i.e,, effect rate of speciesjoni
\L;},Kbu,m\ © 2017 Sakurai, Matsubara & Faloutsos 28

y" “Competitive” g‘
P Lotka-Volterra equations

* Biological interaction

: . 0 : no effect
—Table: Type of interaction - defrimental
Species B + : beneficial
+ 0 -

T Mutualism

0 Commensalism Neutralism

Species A

Antagonism  Amensalism Competition

© 2017 Sakurai, Matsubara & Faloutsos

http://www.cs.kumamoto-
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[T,

g 5 §
¢ Big Time series
~3 4

# Grey-box mining and -
non-linear equations
Information

diffusion Population
Convection growth
Competition

Epidemics

http://www.cs kumamoto- K
wacjp/~yasuko/TALKS/17-kDD-tut/ © 2017 Sakurai, Matsubara & Faloutsos
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Kumamoto U

Epidemics: Susceptible-
Infected (SI) model

Each node is in one of two states

Susceptible

/healthy

© 2017 Sakurai, Matsubara & Faloutsos

CMU CS

i (s ] - Susceptible (healthy) %
i (1) - Infected

33

Kumamoto U

Epidemics: Susceptible-
Infected (SI) model

Each node is in one of two states

.................................................

CMU CS

Time t=0 Time t=1 Time t=2
hetp://www.cs-kumamoto- .
u.ac.p/~yasuko/TALKS /17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 35

© 2017 Sakurai, Matsubara & Faloutsos

mmmmmmmm

( Epidemics: Susceptible-
Infected (SI) model

Each node is in one of two states

i (s ] - Susceptible (healthy) %
i (1) - Infected 5

CMU CS

http://www.cs kumamoto- .
w.ac.jp/~yasuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 32

mmmmmm

("’“ Epidemics: Susceptible-
Infected (SI) model

Each node is in one of two states

i (s ] - Susceptible (healthy) %
i (1) - Infected

CMU CS

34

mmmmmmm

("” Epidemics: Susceptible-
Infected (SI) model

Each node is in one of two states

MU Cs

@%
dS
2|= 7P N =51 + 1)

dl p :Infection strength

dt | +B51 N :Population size

dl
ie, % = ﬁ(N - ])]

e ALa17-kbD-wy © 2017 Sakurai, Matsubara & Faloutsos 36
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Epidemics: Susceptible-
p Infected (SI) model

Each node is in one of two states

CMU CS

Logistic function

4 dP P
= —rP(1=—
[ i~ PR
E Sldr;lodel ; \ath
— —=BN-I(1-— e
A
dl
ie, —r= B(N —1)I
’u“jf_//”Z”ﬂﬁ‘j,i‘f“{ﬁi’ﬂ?‘ﬁ;,,(uu,“.‘ © 2017 Sakurai, Matsubara & Faloutsos 37

mmmmmmmm CMU CS

( Susceptible-Infected-
Recovered (SIR) model

Recovered with immunity

--------------------------------------------------

- Susceptible (healthy)
i (1) - Infected
R | - Recovered (immune)

[ : Infection rate
d :Recovery rate

Susceptible-Infected-
p Recovered (SIR) model

Recovered with immunity

N nodes
(healthy)

t=0

© 2017 Sakurai, Matsubara & Faloutsos

CMU CS

JOJR

39

Susceptible-Infected-
p Recovered (SIR) model

Recovered with immunity

il i

hetp://www.cs-kumamoto-
u.,?,//~ asuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos

()[R
B

Propagation

CMU CS

41

© 2017 Sakurai, Matsubara & Faloutsos

http://www.cs kumamoto- .
w.ac.jp/~yasuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 38

CMU CS

Susceptible-Infected-

p Recovered (SIR) model
Recovered with immunity @ R

w

infection

MU Cs

Susceptible-Infected-
% Recovered (SIR) model

Recovered with immunity

el i

Recovered
(no more
infection)
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Susceptible-Infected-

Susceptible-Infected-
p Recovered (SIR) model p Recovered (SIR) model
Recovered with immunity ()[R Recovered with immunity
B a5|  BSI 500
e wol \ SO R(t)
dr'] pSL o | 3%
at | N § 200 I(t)
AR | 100
IR L5
di % 50 100
S(t)+ I(t) + R(t) = N e
B : Infection rate
t=5 t=4 O :Recovery rate
el sk TAKS/17 kop wy_© 2017 Sakurai, Matsubara & Faloutsos s ek ALK 17 k0 e

© 2017 Sakurai, Matsubara & Faloutsos 44

y’ Susceptible-Infected- Susceptible-Infected-
p Recovered (SIR) model p Recovered (SIR) model
Recovered with immunity

Recovered with immunity

Phase plane: S(t) vs. I(t)

R(t) Phase plane: S(t) vs. I(t) R(t)
200 200
150 150
I(t)100 I(t)100
50 50
0 50 100 0 50 100
0 200 400 600 Time t 0 200 400 600 Time t
Stable S(t) _ Stable S(t) _
B : Infection rate B : Infection rate
O :Recovery rate O :Recovery rate
© 2017 Sakurai, Matsubara & Faloutsos 45 e 17-kDD-tut

© 2017 Sakurai, Matsubara & Faloutsos
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Kumamoto U . . CMU CS Kumamot to U Gre -b OX minin and CMu Cs
Other epidemic models Eg 4 - o
non-linear equations
Other virus propagation models (“VPM”) Inff)rma.ltion _
—SIS : susceptible-infected-susceptible, flu-like C .dlfoSIOI’{ Population
—SIRS : temporary immunity, like pertussis oavection & growth
’ ’ e~ Competition
—SEIR : mumps-like, with virus incubation Q t_ B 4 E
(E = Exposed) =0
- SEIR-birth/death: with birth/death rate ~
Underlying contact-network -3 < Big Time series g gg
— ‘who-can-infect-whom’ = Epidemics
i‘f;{i//‘inZZ‘jif“{’,{‘L‘,'Eg“};,K[,[,,m © 2017 Sakurai, Matsubara & Faloutsos 47 B_‘;g//VZM:;;i:‘#ﬂg‘qiwn,m © 2017 Sakurai, Matsubara & Faloutsos 48
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Kumamoto U CMU CS

Other non-linear models

LORENZ: eqs. for atmospheric convection

dx | (y—2) * x: convective intensity
dt I oy * y: temperature difference
dy between ascending and
ol o z(p—2)—vy descending currents
» z: difference in vertical

% L oy — B2 tt.ampe.rature profile from
dt linearity

A a1 7-kbD-wy © 2017 Sakurai, Matsubara & Faloutsos 49

Other non-linear models

* Van del Pol oscillator ‘ S
* Electric circuits, heart-beats, neurons “L" N
. imit—\ |
* FitzHugh-Nagumo model A y'(:'lg/
* An excitable system (e.g., a neuron) &F
* Excitatory-inhibitory (EI) model

* Neuronal oscillations in the visual cortex '~ " " ©
* Epilepsy [Schuster:t 90]

| 1

htt, W to-
tp/ o o xobau,  © 2017 Sakurai, Matsubara & Faloutsos 51

‘,'%‘T”

Kumamoto U

( Mining and forecasting of
co-evolving epidemics

-ﬁ- o Flu
S & Mumps 'ﬁ'

CMU CS

Measles

hu www.cs kuma
p// ~yasuko, TALKS 17 KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 53
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mmmmm CMU CS.

( Other non-linear models

LORENZ: eqs. for atmospheric convection

Butterfly effect
dr = (chaos)
dt
dy
a z(p—2)—y Lorenr ttractor A
dz W /
— kEay— B2
dt y=>~
e kbbwy  © 2017 Sakurai, Matsubara & Faloutsos 50

CMU CS.

( Part2 | Roadmap

 Why: “non-linear” modeling

| Fundamentals |
« Non-linear (“gray-box’’) models

| Applications | EI
- Epidemics (skips, competition, *“s

(N

- Information diffusion

- Online competition

Hlp//

o/ 7kobwy © 2017 Sakurai, Matsubara & Faloutsos

mmmmm

( " Mining and forecasting of
co-evolving epidemics

CMU CS

5

_ﬁ. Future
o2 I [

Time (years)

B Q. Can we forecast future

e epidemics? & E

hnp//v\v\v\c skun
yasuko,

T'\LKS 17 kpD-tuty  © 2017 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU CS

Real-time monitoring of

co-evolving epidemics
* Influenza (ILI) prediction using search
engine query data [Ginsberg+, Nature’09]

: = CDC-reported
I ILI percentages
' — Model estimates

A A R
2004 2005 2006 2007 2008
oogle

ILI percentage
N s o

CDC: Centers for Disease Control and Prevention
ILI: influenza-like illness

e tavke 17k © 2017 Sakurai, Matsubara & Faloutsos 55
Kumamoto U . . 0 CMU CS
Real-time monitoring of
co-evolving epidemics

* Influenza (ILI) prediction using search
engine query data [Ginsberg+, Nature’09]
Data available as of 4 February 2008
L ! — CDC-reported
Data available as of 3 Mamk:\ 2008 1LI pCrCCntagCS
L ——— ! — Model estimates
§ Data available as of 31 March 2008

Google

but: cannot forecast
future events

o
ALK/ 17-kbb-at/  © 2017 Sakurai, Matsubara & Faloutsos 57

ZSL T, J

Data,

Kumamoto U CMU CS.

Real-time monitoring of
co-evolving epidemics

* Influenza (ILI) prediction using search
engine query data [Ginsberg+, Nature’09]

Data available as of 4 February 2008

- {

S

— CDC-reported
O i gl 5 Morn 00 ILI percentages
D { — Model estimates

Data available as of 31 March 2008 G I

Z.SL/V,‘,J\“ J

Data available as of 12 May 2008

ILI percentage

w @ w7 s 3 7 1 5 1
Week

http://www.cs kumamoto- . .

at i/~ yasuko/ TALKS/17-KDDwt/ © 2017 Sakurai, Matsubara & Faloutsos 56

Kumamoto U CMU CS

Epidemics - roadmap

A. Non-linear (gray-box)
modeling!

L

- QOutbreak vs. SklpS [Stone+ Nature’07]

B
T

Solutions

- Interaction between diseases [Rohani+ Nature’03]
- FUNNEL [Matsubara+ KDD’14]

Kumamoto U CMU CS

Epidemics - roadmap

A. Non-linear (gray-box)
modeling!

o SIS

- Outbreak vs. SKips [Stone+ Nature’07]

R
T H

Solutions

- Interaction between diseases [Rohani+ Nature’03]
- FUNNEL [Matsubara+ KDD’14]

hetp://www.cs-kumamoto-
w (,?//N vasuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 59

http://wi mamo
uacjp/~

o
o TALKS/17KDDwy, © 2017 Sakurai, Matsubara & Faloutsos 58

Kumamoto U CMU CS

Recurrent epidemics:
Outbreak or skip?

* Time series of reported measles cases

[Stone+ Nature’07]

New York =

10 o

New York

1(109)

0
1930 1935 1940 1945 1950 1955 1960

© 2017 Sakurai, Matsubara & Faloutsos

c 6
London
London
=
)
=2
0
1950 1955 1960 1965
Year
http://www.cs.kumamoto-
u_df //r asuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 60
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Kumamoto U R 0 . ° CMU CS Kumamoto U R . . ° CMU CS
ecurrent epldemlcs. ecurrent epldemlcs.
Outbreak or skip? ; Outbreak or skip? ;

. K [Stone+ Nature’07] X K [Stone+ Nature’07]
* Time series of reported measles cases * Time series of reported measles cases
a New York -— a -—
New York = Outbreak New York 2 Outbreak

g, / Skip e / Skip
° 1930 1935 1940 1945 1950 1955 1960 . ° 1930 1935 1940 1945 1950 1955 1960

€ ®TTondon c [ London P 1 el

London Outbriak Ski

= Q. Outbreak vs. skip?

0 1950 1955 1960 1965 TI50 TI55 TI60 TI65
Year Year
e tavke 17k © 2017 Sakurai, Matsubara & Faloutsos 61 e vtk TALKS 17 k- © 2017 Sakurai, Matsubara & Faloutsos 62

CMU CS.

Recurrent epidemics:
N ) )
OUtbreak Or Sklp ° [Stonef Nature’07]

* Conditions for predicting “outbreak vs. skip”
— SIR model with high/low seasons
Phase plane diagram (S vs. log(I))

Recurrent epidemics:
9 ) )
Outbreak or skip? e oo

* Conditions for predicting “outbreak vs. skip”
— SIR model with high/low seasons

Phase plane diagram (S vs. log(I))

at Outbreak dynamics at Outbreak dynamics
min S l min S ‘. | (t)

= =

N N
= N =

2 Contact rate X

- ' B+ : high season - '

’ Time (t)
Susceptible buildup B - : low season Susceptible buildup -
S(t) S(H
e taLke 17k © 2017 Sakurai, Matsubara & Faloutsos 63 e vtk TALKS/ 17 k- © 2017 Sakurai, Matsubara & Faloutsos 64
CMU CS . . CMU CS
Recurrent epidemics:

Recurrent epidemics:
p Outbreak Or Skip? [Stone+ Nature’07]

P Outbreak or Skip? [Stone+ Nature’07]
* Conditions for predicting “outbreak vs. skip” * Conditions for predicting “outbreak vs. skip”
— SIR model with high/low seasons — SIR model with high/low seasons

Phase plane diagram (S vs. log(I)) Phase plane diagram (S vs. log(I))
as Outbresk yraice a Outbreak
. mins | I(t) . minS €—— | e I(t Outbreak
) AV E

Time (t) Time (
S(t) o S(t) o

e ke 17 optuty__© 2017 Sakurai, Matsubara & Faloutsos 65 Al itk TS 1700ty © 2017 Sakurai, Matsubara & Faloutsos &6

© 2017 Sakurai, Matsubara & Faloutsos
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CMU CS

Recurrent epidemics:

9 .
Outbreak or skip? = Cov

* Conditions for predicting “outbreak vs. skip”
— SIR model with high/low seasons

Y': recover rate

p: birth/death rate
By:infection rate
¥ time period

Phase plane diagram (S vs. log(I))

Outbreak
minS§ € l\

2 "
‘?g) Threshold S.: “Outbreak vs. Skip”
So > S.= iyt = epidemic
Sus| BO 2
if Sp < S there is a skip in the following year.

7

HI
ks 7DDty © 2017 Sakurai, Matsubara & Faloutsos 67

Kumamoto U CMU CS

Ecological interference
between fatal diseases
Q. Any relationship (i.e., interaction)
between two different diseases

(e.g., measles vs. whooping cough)?

htt, W to-
tp/ o xobau/  © 2017 Sakurai, Matsubara & Faloutsos 69

Kumamoto U CMU CS

Ecological interference g
between fatal diseases

[Rohani+ Nature’03]

Weekly case fatality reports for two diseases

| — measles — Whooping cough |

Birmingham

Glasgow

1 — 1910

Berlin ‘ Liverpool

hetp://wh namoto-
w (,f /) LKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 71

© 2017 Sakurai, Matsubara & Faloutsos

Kumamot to U CMU CS.

( Epidemics - roadmap

A. Non-linear (gray-box)
modeling!

e L

- Qutbreak vs. SklpS [Stone+ Nature’07]

B
T H

Solutions

- Interaction between diseases [Rohani+ Nature'03]
- FUNNEL [Matsubara+ KDD’14]

Hlp//

o/ TALKS 17 kDD, © 2017 Sakurai, Matsubara & Faloutsos 68

mmmmmm

( Ecological interference

between fatal diseases
Q. Any relationship (i.e., interaction)

CMU CS.

between two different diseases
(e.g., measles vs. whooping cough)?
A. Yes. There are “competing” diseases!

Whooping
cough

Measles

VS

© 2017 Sakurai, Matsubara & Faloutsos 70

mmmmmm

( Ecological interference
between fatal diseases

[Rohani+ Nature’03]

Weekly case fatality reports for two "diseases

CMU CS

| — measles — Whooping cough |

Birmingham

Glasgow

Biennial
. 1| (Opposite)

i cycles J\
mj — XM_,.“ m

1904 1906, 1908 _ 1910 1912 1914 1922 1924 1926 .. 1928

Berlin Liverpool

JMJ [

7930 932

1912

Time 1o

1908

1906

K';’ ‘;},Km;,m. © 2017 Sakurai, Matsubara & Faloutsos 72
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Ecological interference ¢, Ecological interference ¢,
% between fatal diseases % between fatal diseases
Extension of SIR model [Rohani+98] Extension of SIR model [Rohani+98]

%
oy,
2 Recoveredl&z &
hllp// www.cs.kumamoto- S ) . Illp//ww .cs.kumamoto- ’ o ) > \\
jp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 73 wa asuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 74
0 0 MU G5 Kamamoto U THU S
Ecological interference (‘,f; ( Epidemi d
9 . prdemics - roadmap
between fatal diseases
Equations for 3 disease model
B, T Nawreos) 2R Non-linear (gray-box)
g = VN -p) - puSsss T N |
0 &(lmn‘*’hm +Irrr+ Irrr) EI mOdellng.
- M(’mu +Ipr + Irir + Irir)
%Uum + Irrr + Irrr + Irrr) Solutions K
(H‘;ZT = @(hnu +Irrr + Irrr + Lirr)
(1 + ) rrr -ﬁ- - E1. Outbreak vs. SklpS [Stone+ Nature’07]
dl g Bi(t)Ssrs . .
S = TN Ut Dl Do) 'ﬁ' - E2. Interaction between diseases rohani+ Nature'03]
= (et Iirr
! - E3. FUNNEL Matsubara+ KDD’14]
h"" /1w chkk ALke17-kpbwty  © 2017 Sakurai, Matsubara & Faloutsos 75 'u“p //WWA e N ALKe)7-kbb-wt/  © 2017 Sakurai, Matsubara & Faloutsos 76

ey FUNNEL [Matsubara+ KDD’14] ¢ etV FUNNEL [Matsubara+ KDD’14]

with a single epidemic with a single epidemic
With a single epidemic: Funnel-RE
e.g., Measles cases in the U.S. People of 3 classes Raa| Linear
* S :Susceptible 5000 —

Shocks, * I :Infected I(t) b &
e.g., 1941 . V :Vieilant/ ~l §
5f .‘ ‘ '  Vigtlant 9930 1950 1970
|5 {W \ 1\ Q 1 vaccinated Year Original
o
o \ e(t S(t = B} U
0 v”u'u‘f”l‘Jm“Aﬂ\‘ﬂ ‘w‘bﬂ i ”‘Uw/ it . [(E)] g S I T v
1930 1940 1950 Year 1960 1970 1980 \ V(t)/ 5
Yea rIy (Weekly) = 14 @(f ) I(t) ) A
periodicity accine 2 e 1050 1970
http://www.cs.kumamoto- ©20175 " i effeCt h“p //www.cs kumamoto- i Ma 3 ear
uacjp/~yasuko/TALKS/17-KDD-tut akurai, Matsubara & Falout$® 77 u.acjp/~yasuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 78
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Kumagoto U FUNNEL [Matsubara+ KDD’14] M
with a single epidemic
With a single epidemic: Funnel-RE
[SE+1)|= S(t)—BOe®SOIE) +V () - 0(t)S(t)

TE+D)= 10+ BMe)SEOIE) - 81(t)
VE+1)= V() +0I(t)— V(L) +0t)S(t) 3)

S(t) : susceptible €(f) B()
I (t) : Infected
V(t) : Vigilant

/Vaccinated 7 <@(¢))

EZ Z lALM 17.kop-wy  © 2017 Sakurai, Matsubara & Faloutso

ety FUNNEL [Matsubara+ KDD’14] ¢
with a single epidemic
With a single epidemic: Funnel-RE
St+1= St - (t)e(t)S( t) + V(1) —[0@IS (1)
TE+1)= 1()+B®e®)S®IE) {3l
V{i+1)= V() +oIE) -1V () +-s 3)

£@) B@)

d : healing rate
O(t): disease reduction effect

Y | (6@
o) =4 9 (t<te) (
6o (t>te) \ @

© 2017 Sakurai, Matsubara & Faloutso 81

http://ww
uacjp/~

Kumamoto U FUNNEL [Matsubara+ KDD’14] V¢

with a single epidemic
With a single epidemic: Funnel-

SEin=- S0 STOED
~s1(t)
() +0()S(t) 3)
/ | 8(’ W)

+ tensor analysis

(@@/-

k TALKS 17 KDD-t © 2017 Sakurai, Matsubara & Faloutsos

© 2017 Sakurai, Matsubara & Faloutsos

""'“(m“ FUNNEL [Matsubara+ KDD’14] ¢
with a single epidemic
With a single epidemic: Funnel-RE

SE+1)= S -B@OSOIO +V(E) - 01)S(?)
TEx D)= I(t) +HB@e)SHI() — 61(t)

V(t+1)|= V(t)+6I(t)—~V(t)+ 0(t)S(¢) 3)
B(z) : strength of infection () B
(yearly periodic func) S
B(t) = Bo- (1 + Pa - cos(E(t + Ps))) y (@(t)
P, =52
\%
e ALy 17-kp-wy __© 2017 Sakurai, Matsubara & Faloutsc 80
"‘"“(“"" FUNNEL [Matsubara+ KDD'14] M€

with a single epidemic
With a single epidemic: Funnel-RE

[SE+1)= S(t) - BEle®SBI) +7V —0()S(®)
[IE+D= I(t)+ BB
V(t+1)= V(t)+06I(t)—yV(t)+ 0(t)S(t) ®)
2
8( )y
£(t) : temporal susceptible rate
(00))

© 2017 Sakurai, Matsubara & Faloutsc

MU Cs

( Part2 | Roadmap

« Why: “non-linear” modeling

| Fundamentals |
+ Non-linear (grey-box) models

| Applications |
« Epidemics
- Information diffusion

- Online competition I/ I

h P//
~yasul

-
[
-

@

=

ko T\LKS 17 KDD-t © 2017 Sakurai, Matsubara & Faloutsos
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CMU CS

‘" Information diffusion
in social networks

flickr: & delicious

V(1 Tube|
twitterd

http://www.cs kumamoto- . .
wat oy yasuko/ TALKS/17-KDD-tut) © 2017 Sakurai, Matsubara & Faloutsos 85

CMU CS.

‘" Information diffusion
in social networks

flickr: o delicious

(1 Tube|
twitter)

Q. How news/rumors

CMU CS

MemeTracker [Leskovec+ KDD’09] R MemeTradcer
- Short phrases sourced from U.S. politics in 2008
“you can put lipstick on a pig” (# of mentions in blogs)
0

# of mentions
= n
=]

S

20 40 60 80 100 120 140 160
Time (hours)

) (per hour, 1 week)

( News spread Ef;
in social media E

“ »
yes we can »
5 100
=
7
£ 50
5
o
20 40 60 80 100 120 140 160
Time (hours)
© 2017 Sakurai, Matsubara & Faloutsos 87
Kumamoto U Ne S sp read MU CS

in social media
» Twitter (# of hashtags per hour)

2000 .
3 “#assange” 3 “#stevejobs”
& 100] 3 1000
E: E

0 50 100 150 0 50 100 150
Time Time

(per hour, 1week) (per hour, 1 week)

* Google trend (# of queries per week)
“tsunami” (in 2005) “harry potter” (2010 - 2011)

100| 100
g 80
2 5 Q0
20
10 20 30 40 50 60 0 20 40 60 80 100
Time (weeks)

Time
(per week, 1 year) (per week, 2 years)

http://www.cs kumamoto-
uacjp/~yas

asuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 89

© 2017 Sakurai, Matsubara & Faloutsos

g spread in social media?
e fiALKe/ 7 kobwyy  © 2017 Sakurai, Matsubara & Faloutsos 86
CMU CS

MemeTracker [Leskovec+ KDD’09] R MemeTrader
- Short phrases sourced from U.S. politics in 2008

( News spread Eﬁ
in social media E

“you can put lipstick on a pig” (# of mentions in blogs)
2 200 News
Breaking E 100 spread
news ‘(’ \ """""""""
20 40 60 _ 80'~<l00 _ 120 _140_ 160
“ ” Time (ows) (her hour, 1 week)
yes we can Y
5 100
L B T LT —
Too 20 40 60 _ 80 ~~MQ._ 120140160
htp://wi . Tlmg (hours)
wacp)/ © 2017 Sakurai, Matsubara & Faloutsos 88
Kumamoto U CMU CS
News spread
in social media
Q. How many patterns are there?
—Four classes on YouTube, etc. -
[Crane et al. PNAS’08]
. . . \
—Six classes on Social media 7
[Yang et al. WSDM’11] g
e ALa17-kbD-wy © 2017 Sakurai, Matsubara & Faloutsos 90
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Kumamoto U

News spread
in social media

* The volume of Google searches

A B
tsunami harry potter movie
2005 Apr 2007 Jul 2007
(3 1)
Tsunami

http://www.cs kumamoto-

CMU CS

[Crane et al. PNAS'08]

Oct 2007

“Harry potter movie”

Kumamoto U CMU CS

News spread
in social media

[Crane et al. PNAS'08]
* The volume of Google searches

Symmetric
relaxation

Sudden peak &
Rapid relaxation .

tsunami harry potter movie

2005 i Apr 2007 Jul 2007 oct2007
“Tsunami” “Harry potter movie”
(Exogenous) (Endogenous)
Lot e LS 17 k0 wy__© 2017 Sakurai, Matsubara & Faloutsos 92
Kumamoto U CMuU Cs

News spread
in social media

[Crane et al. PNAS'08]
* Based on self-excited Hawkes Poisson process*

News spread
in social media

http://www.cs kumamoto-

uacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos

u.acjp/~yasuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 91
Kumamoto U CMU CS
News spread

. . .
in social media
[Crane et al. PNAS'08]
* Based on self-excited Hawkes Poisson process*
dB(t)
— = =50)+ E pi - ot — t;)
dt ,
’L,ti St
*[Hawkes+ 1974]
e taLke 17k © 2017 Sakurai, Matsubara & Faloutsos 93
Kumamoto U CMU CS

[Crane et al. PNAS'08]
* Based on self-excited Hawkes Poisson process*

dB(1)
PO s+ 3 ot — 1)
’L,tigt
Doto ot o) Lof Decaying
1 ial virus/news
¢(t) ~ 140 (0<o<1) ers  strength
— (Power law)

*[Hawkes+ 1974]

95

dB(t)
i =|S()|+ Y |l o(t — 1)
i<t
Rate of Exogenous # of Decaying
spread of  /External Potential virus/news
infection/pr  source viewers strength
opagation
*[Hawkes+ 1974]
Lot s LS 17 k0 wy__© 2017 Sakurai, Matsubara & Faloutsos 94

Kumamoto U MU Cs

News spread

in social media

° FOLII' ClaSSCS on YanTi th [Crane et al. PNAS'08]

© 2017 Sakurai, Matsubara & Faloutsos

Sub-Critical Critical

5‘ 1”:29 Peak Fraction, F
o . =
c 3 8
g’n 2 2

H H
O 2 H
o
c
w Time

Decay Exponent]

w [ 1+0 -
= Peak Fraction, F L
of g
% = =)

2r HI
ongt gl
o F
bes

http://wwwcs kumamoto- I.I.l Tme
v i © 2017 Sakurai, Matsubara & Faloutsos 96

uacjp/~yasuko/TALKS/17-KDD-tut

16



Tutorial@KDD'17

Kumamoto U CMU CS

News spread

in social media

° Four ClaSSCS on VanTihe [Crane et al. PNAS'08]

1

Aen—sc(t) ~ ﬂ(t), Aen—c(t) 0.
1-26
wv [t - tcl
3
o . F
c 3
[V
on ¢ E
O 2 $
2 1
1
W | Ape(t) ———. Aex—c(t) ® ———.
w0 Gy 1)
" T =
=5 L Peak Fraction, F L Peak Fraction, F
o §| sl
5 g 2|
ongl HI
St L
http://www.cs ki to- I.IJ Time k
o vesva AL Re 17 kDb © 2017 Sakurai, Matsubara & Faloutsos 97

Kumamoto U CMU CS.

News spread

in social media

° Four Classes on VYanTihe [Crane et al. PNAS'08]

1
A =

A (1~
p 0 (),

”‘l-‘l’arry Potter

Apr 2007 Jul 2007 Oct 2007

il
Ll A () A

r -
[ —— 3
Tsunami [

2005

72 )
http://www.cs kumamoto- . .
st oy —yasuko/ TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos

Time

Kumamoto U CMU CS.

News spread

in social media
Q. How many patterns are there, after all?

Kumamoto U CMU CS
News spread
in social media
« Six classes of information diffusion
patterns on social media [Yang et al. WSDM’11]
100 100 100
50 50 L 50 {L
GO 50 100 GO 50 100 l’:'0 50 100
100 100 100
50| }\‘ 50 /\\l SOJW\
00 50 100 G0 50 100 00 50 100
B cobwy,  © 2017 Sakurai, Matsubara & Faloutsos 99
Kumamoto U CMU CS

News spread
in social media

A B
— " Aprz00 octz007
00 100 00
50 50 50
0 0 0
0 50 100 0 50 100 0 50 100
1 100 1
50 J\k 50 //L 50JL\A
o 50 100 % 50 100 ) 50 100
h
ot ety S 7 k0> sy __© 2017 Sakurai, Matsubara & Faloutsos 100

A. Our answer is “ONE”!

A single non-linear model !

“SpikeM”

100 o orignall| 19| o Originall| 100 © Original
— SpikeM & —spieem| — SpikeM
] ] k)

20 40 60 80 100 120 7720 40 60 80 100 120 oS40 60 80 100 120
Time. Time. Time

Originall

Criginal < Original
100 100 100
. —spiem] & —spkemt]| — SpikeM
3 | 2 b H
S 50 2 50 tf h% £ s0)

20 40 60 80 100 120 20 40 60 80 100 120 20 40 60 80 100 120
Timg Ti Time.

F

T

hetp://w e
u. (,?/ ~yasuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 101

[Matsubara+ KDD’12]

e Rl B

Rise and Fall Patterns of
Information Diffusion:
Model and Implications

Yasuko Matsubara (Kyoto University),

Yasushi Sakurai (NTT), @ NTT
B. Aditya Prakash (CMU), g@ iy

Lei Li (UCB), Christos Faloutsos (CMU)

http://www.cs kumamoto-
sac. 102

© 2017 Sakurai, Matsubara & Faloutsos

u [~yasuko/ TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos
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CMU CS

( Rise and fall patterns

_ in social media _
SpikeM captures 3 properties of real spike

1. periodicities

A,

CMU CS.

( Rise and fall patterns

‘ in social media ,
SpikeM captures 3 properties of real spike
1. periodicities
.avoid infinit
\ N\ 2 aV?l/ 1r‘1 1n1‘y

200

100

# of mentions

20 40 60 80 100 120 140 160
Time (hours)

104

© 2017 Sakurai, Matsubara & Faloutsos

200

(%]

=4

9o

g 1001

1S

k]

** 0 L A h i L

20 40 60 80 100 120 140 160
Time (hours)
e kbbwy  © 2017 Sakurai, Matsubara & Faloutsos 103

CMU CS

( Rise and fall patterns

_ in social media _
SpikeM captures 3 properties of real spike
1. periodicities 3.power-law fall

\ \ 2.aV?i(Ii iI‘lfini"cy | /

200

(%]

=4

i)

g 100+

£

k]

= ‘

20 40 OQ-~-_§0 100 120 __1:19__—1-60
Time (RGaYSy ====""
A ka1 7-kbD-wy © 2017 Sakurai, Matsubara & Faloutsos 105

CMU CS

Main idea (details)

- 1. Un-informed bloggers (clique of N bloggers/nodes)

N,

Time n=0

Nodes (bloggers) consist of two states
o — Un-informed of rumor
€© - informed, and Blogged about rumor

07

http://wy
uacjp

© 2017 Sakurai, Matsubara & Faloutsos

http://ww moto-
u.ac.jp/~ya: LKS/17-KDD-tut,

CMU CS.

( Rise and fall patterns

‘ in social media ,
SpikeM captures 3 properties of real spike
1.periodicities 3.power-law fall
.avoid infinit
\ \z aV?l/ 1r‘1 1n1‘y | /

200

2

o

g 1001

£

k]

= ‘

20 40 "00---_8_0 120 _JﬁQ_—AGO
TlmeTﬁour§)' """

SpikeM can capture behavior of real spikes
using few parameters

106

o
1ks/17kpD-tuy © 2017 Sakurai, Matsubara & Faloutsos

http://ww
uacjp/~ya

CMU CS

Main idea (details)

- 1. Un-informed bloggers (clique of N bloggers/nodes)
- 2. External shock at time nb (e.g, breaking news)

@-»

Time n=0 Time n=nb

N,

Ext01 nal shock

- Event happened attime p,
- S,bloggers are informed, blog about news

hetp://wh
uacjp
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S Main idea (details) Ef; S Main idea (details)
- 1. Un-informed bloggers (clique of N bloggers/nodes) - 1. Un-informed bloggers (clique of N bloggers/nodes)
- 2. External shock at time nb (e.g, breaking news) D f . . 15 news)
- 3. Infection (word of-mouth effects) CIEEL7 I A f (n)= ﬁ B
Linear scale Log scale
Y 5 ?. .Q gil ﬁgj% f(n) f(n)
. » \ ?-1.5 }
Time n=0 Time n=nv Time n=np+1 n n Time n=nv+1
Infectiveness of a blog-post Infectiveness of a blog-post
B - Strength of infection (quality of news) B - Strength of infection (quality of news)
N f(n)- Decay function (how infective a blog posting is) N f(n) - Decay function (how infective a blog posting is)
S SpikeM-base (details) Ef; S SpikeM - periodicity
Equations of SpikeM (base) Full equation of SplkeM
AB(n+1)=U(n)- 2(AB(I)+ S(0): f(n+l-1)+¢ AB(n+1)< p(n+1){|U(n)- 2(AB(t)+S(t)) fn+1- t)+sj
Blogged Periodicity t=ny,

Blogged t=ny,

Un+1)=U(n)-AB(n+1) Un+1)=U(n)-AB(n+1)

Un-informed Un-informed .
12pm 1
N - Total population of available bloggers activ"i‘t';“““”“y 3am
g Low activity
B - Strength of infection/news Bloggers change their /
n,,S, - Externalshock S, atbirth (time 71, ) LEBIIGT T p(n)
’ (e.g., daily, weekly, yearly)
£ - Background noise Time n
s //4 bzwml A7 kppwy  © 2017 Sakurai, Matsubara & Faloutsos 111 e vtk TALKS/ 17 k- © 2017 Sakurai, Matsubara & Faloutsos 112
CMU Cs CMU CS
Model fitting (Details) Eg &‘ Analysis
* SpikeM consists of 7 parameters SpikeM matches reality
0={N.p.n,.S,.e.F,.F} exponential rise and power-raw fall
Learnmg parameters Hise fall
- Given a real time sequence B
100 -l
X={X(1)’X(n)’sX(n4)} E ——spikeM
. gl so ° Original
- Minimize the error . 1
(Levenberg-Marquardt (LM) fitting) 30 40 50 60 70 80 90 100 110 120
D(x.6)= E(X(n) AB(m))* SpikeM vs. SI model (susceptible infected model)
i‘f;{ig e 7-kbb-e, © 2017 Sakurai, Matsubara & Faloutsos 113 B er7-kbb-wy  © 2017 Sakurai, Matsubara & Faloutsos 114
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CMU CS
Analysis
S \
rise f
100}
(4]
=
3| s0r
Reverse
X-axis
o [, exponential Rise-part
Linear-| & \: p
log i —
— SpikeM: exponential
Log- SI model: exponential
log
A a1 7-kbD-wy © 2017 Sakurai, Matsubara & Faloutsos 115
Kumamoto U CMU CS

Q1-1 Explaining
K-SC clusters
—Six patterns of K-SC [Yang et al. WSDM’11]

100) o Orgnal]l  1gq o originall| 4ol o Original
— SpikeM — SpikeM — SpikeM
.

3 b
2 50 g $ 50
20 40 60 80 100 120
Time

Value
a
g

20 40 60 80 100 120 20 40 60 80 100 120
Time Time

= Original = Original = Original
100 100 100
— SpikeM & — SpikeM ;1% — SpikeM
o
5o ‘ um\

20 40 60 80 100 120
Time

Value
]
Value
g

20 40 60 80 100 120
Time

* SpikeM can generate all patterns in K-SC

20 40 60 80 100 120
Time

http://www.cs kumamoto-

Analysis
all

---8l 1
——spikeM
Original

Value

50 60 0 80 90 100 110 120
ime

ERD Linear-
o | log

Fall-part
SpikeM: power law
SI model: exponential

SpikeM matches reality

\wacip/~yasuko/TALKS/17-KDD-tut/  © 2017 Sakurai, Matsubara & Faloutsos 117

CMU CS

Q1-3 Matching

Twitter data
Twitter data (hashtags)

Linear scale
) ——AB(n) | ——AB(n) ——AB(n)
Lo 8 Origina wd | Originall - { Original
2 I 3 | E] !
Bl g e g
e 50 100 150 g 50 100 150 50 100 150
Time. Time. Time.
N =092, beta"N=1.41 . N =6475, beta*N=2.00 . N =1266, beta"N=1.41
E—y 10
U(n) \ ——ABM)
2l Original| & I3 U(n)
EN el A S U Original
> ooq [B ‘E,: ™
T | e
o7 by , SNl
107 3 10 0
10’ 10° 10°
Logscale  ime Time Time
() Zassange (6) Fstevejobs () #arresteddevelopment

It can generate various patterns in social media

http://www.cs kumamoto-

uacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 119

© 2017 Sakurai, Matsubara & Faloutsos
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Kumamoto U . CMuU Cs
Q1-2 Matching
MemeTracker patterns

MemeTracker (memes in blogs) [Leskovec et al. KDD’09]
Linear scale
AB(n) AB(n)
K Orgnall oo : EA I [~ g
;: 100 ;;"; 200 \ 3 g
50/ L L 74 100/ 3 % o‘“-'b&J i;;ng,c
o N Y R LT
E.T 150 o8 % ') . 150
1o N =6259, beta"N=0.73 N =3529, beta"N=0.81 . N :?234‘. b?la'N:ﬂv.GQ
AB(n)
U(n)
g . Original
310 e
) e
10! a .
Logscale Tmo e Noise-robust
; ) fitting
SpikeM can fit various patterns in blog Outliers
Lot s LS 17 k0 wy__© 2017 Sakurai, Matsubara & Faloutsos 118

MU Cs

Q1-4 Matching
Google trend data

Volume of searches for queries on Google

1007 | Original 100
3 | [
2 I\ — SpikeM 3
= 50p S 50
‘ \ J
0 &

20 40 60 10 20 30 40 50
Time Time

(a) “tsunami” (2005) (b) “Harry Potter” (2007)

SpikeM can capture various patterns

http://www.cs kumamoto-

uacjp/~yasuko/TALKS/17-KDD-tut

© 2017 Sakurai, Matsubara & Faloutsos 120
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Kumamoto U CMU CS CMuU Cs
. “ P .
Q2 Tail-part forecasts Al. “What-if” forecasting
- Given a first part of the spike Forecast not only tail-part, but also rise-part!
: (1) First spike (2) Release date (3) Two weeks before release
- forecast the tail part 80 ‘ = Sa—
= *N= = *N= N ber 19,2010 [
N =5960, beta*N=0.7 N =3481, beta"N=1.2 ool “Deathly Hallows part 1° | _dulytp 2011
‘ —spikeM | — spikeM N Pesralens panz
: TTAR I ToAR 5 4o Y | T
gio| bty omml gy [ —orna : e
;vs \/ "“/-*\V/\/\/\/\ E 20+ the Half-Blood Prince"
IR N L
o) | ! Sl ol || th : 150 200 ]
0 50 100 150 105 50 100 150 ) ) Time (per week)
Time (per hour) Time (per hour) e.g., given (1) first spike,
SpikeM can capture tail part (AR: fail) (2) release date of two sequel movies
(3) access volume before the release date
::l:\f_//fw(ﬁ}fi},k“v;’,l\ﬂgui},xuu,“.‘ © 2017 Sakurai, Matsubara & Faloutsos 121 ::l:f/g/viwiﬁuku/ Thike17-kpbawy  © 2017 Sakurai, Matsubara & Faloutsos 122
CMU CS CMuU Cs
“ or99 . . .
Al. “What-if” forecasting A2. Outlier detection
il- ise- ! o .
Forecast not only tail-part, but also rise-part! —Fitting result of “tsunami (Google trend)”
(1) First spike (2) Release date (3) Two weeks before release .
8 ‘ i PR —in log-log scale oo |
N ber 19,2010 [ [
60| "Deg\llriTHear\lows part 1“\ Lo D I‘;"‘-”Y'J f"‘ 2011 t o 10 AnOther
\\:\\ i eal yl allows par ) Mar_ 29 earthquake
] ok N N Scientists puzzled
S 4 July 15, 2009 i no tsunami 2%
"Harry Potter and | after quake ec.
20k the Hall-Blood Prince” ; o One year after
. g2 — 210l Dec. 26 Indian Ocean
150 o0 e 2 300 Talienn Oeeem earthquake
SpikeM can forecast upcoming spikes! el
0 1
10 Time (per1veeek)
D TALe/ 7 kDb © 2017 Sakurai, Matsubara & Faloutsos 123 e vtk TALKS/ 17 k- © 2017 Sakurai, Matsubara & Faloutsos 124
CMU CS CMu Cs
A3. Reverse engineering A3. Reverse engineering
SpikeM provide an intuitive explanation SpikeM provide an intuitive explanation
PDF of parameters over 1 000 memes/hashtags PDF of parameters over 1,000 memes/hashtags

N N ; BN

!
|
| I H ‘ 0.1
w 0.2 w Tow 0.2 w
o [}
o1 Eoos S0 P 2o 200
0 0 i 0

Observation 1
Total population N is
almost same

0 5000 10000 O
(a) MemeTracker

P
: " N =1,000 ~ 2,000
y 02 Lo u
'
002 0005 S04 1 202 & Ut
L_.. el ! i R
0
% 10 20 : % 5 0 % 1 2 0 10 20
2o
x 10! (b) Twitter || BAMSE X10__(b) Twitter
Tjﬁ%’"ﬁ"f{;ﬁ;ﬁ"&‘,’\t‘ﬁ;’ 7xopawy  © 2017 Sakurai, Matsubara & Faloutsos 125 e "fﬁﬁti‘:"{{’fﬁs"‘ﬁ;,KD[,,m © 2017 Sakurai, Matsubara & Faloutsos 126
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CMU CS

<2

& A3. Reverse engineering

SpikeM provide an intuitive explanation
eters over 1,000 memes/hashtags

: BN ! Py

PDF of param

Observation 2
Strength of
first burst

(news) is

xo* 1
L _(h) Twitter . _____:
http://www.cs kumam
wacip/~

to-
ko TALKS 17-kDD-wt/  © 2017 Sakurai, Matsubara & Faloutsos 127

o TMU €S
o

& A3. Reverse engineering

SpikeM provide an intuitive explanation

Observation 3
Daily periodicity
with phase shift Ps =0

Every meme has the same
periodicity without lag

R«

(Twitter)
Daily periodicity with
more spread in P,
(i.e., Multiple time zone)

Kumamoto U CMU CS

Part2 | Roadmap

 Why: “non-linear” modeling

| Fundamentals |
+ Non-linear (grey-box) models

| B N N N N S . . .

| Applications |
« Epidemics )
+/ Information diffusion vs. @
- Online competition

http://wi
uacjp/~

177—Kuu—m\ © 2017 Sakurai, Matsubara & Faloutsos " , !g! l “1 29

http://www.cs kumamoto- .
wacjp/~yasuko/TALKS/17-kDD-tuy  © 2017 Sakurai, Matsubara & Faloutsos 128

Kumamot to U

( Online competition
in social networks

CMU CS

flickr: o delicious

(1 Tube|
twitter)

Kumamoto U CMU CS

Online competition
in social networks

/.’ amazon
x Sl

VS.
>

Q. How can we describe
g “virtual competition”?

flickr: o delicious

V(1 Tube}
twitterd

‘L‘;‘(‘g‘iﬂ([,[;,m © 2017 Sakurai, Matsubara & Faloutsos 131

© 2017 Sakurai, Matsubara & Faloutsos

© 2017 Sakurai, Matsubara & Faloutsos 130
( Online competition
- roadmap

B A. Non-linear (gray-box)
T modeling!

o SIS

- Winner-Takes-All [prakash+ Www’12]

Solutions

- Co-existence of the two viruses [Beutel+ KDD’12]

- The Web as a Jungle [Matsubara+ Www’15]

http://www
uacjp/~ya

KS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 132
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CMU CS

CMU CS Kumamoto U

Kamamoto U l' 113 . O
( Online competition ( Competing contagions

= roadmap [Prakash+ WWW’12]
Contagions: viruses, online activities

2R A. Non-linear (gray-box)
T modeling!

Solutions

- Winner-Takes-All [prakash+ www’12] iPhone v Android Blu-ray v HD-DVD

- Co-existence of the two viruses [Beutel+ KDD'12] Q. What happen when two viruses compete?
- The Web as a Jungle Matsubara+ WWW’15]
Hlp //ﬁ ~yas 1 ITALKe) 7 kbb-wy © 2017 Sakurai, Matsubara & Faloutsos 133 ::l:f //‘f‘"}fﬁiﬂ”.’ﬁfﬁ?‘T%,Kuurm\ © 2017 Sakurai, Matsubara & Faloutsos 134

CMU CS

Competing contagions Ef’; ( Competing contagions
[Prakash+ WWW’12] [Prakash+ WWW’12]
1 . 1 :
green: virus 1 green: virus 1
red: virus 2 red: virus 2 -
%] %] ,
5 s
g £ ’
& 2 /
. Gve s
k) b L
* 20 3+
4
0 -
0 50 100 150 200 250 300 350 .
Time Q: What happens in the end?
,“ASSUME Virus 1 is stronger than Virus 2
 wacjp/~yasukoTaLKS/17-kpD-wy _© 2017 Sakurai, Matsubara & Faloutsos 135 watin/~yasuko/TALKS /17-kDD-tut/ © 2017 Sakurai, Matsubara & Faloutsos 136

MU Cs

Kumamoto U . . CMU Cs Kumamoto U An sWer :
Competing contagions & Wi Takes-All!
[Prakash+ WWW'12] mnner-1akKes- ® [Prakash+ WWW'12]
1 1 : . . . ,
green: virus 1 green: virus 1
red: virus 2 red: virus 2 a
1%} [" 1%}
5 5
= / B o
2 / 8 Winner!
=i - =
5 ol 5 /
* . #Footprint @ Steady State *® 020 Die-out |
0 ' Footprint @ Steady State o
) 0 50 100 150 200 250 300 350
Q: What happens in the end? Time
At VITUS LTS STOTEET T vias 2 «ASSUME: Virus 1 is stronger than Virus 2
acjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 137 [=yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 138
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Kumamoto U CMU CS

A simple model

[Prakash+ WWW’12]

* Modified flu-like (SIS) model
* Mutual Immunity (“pick one of the two”)
* Susceptible-Infected 1 -Infected2-Susceptible

Result: -
Winner-Takes-All

[Prakash+ WWW’12]

Given this model,
and any graph,
the weaker virus always
dies-out, completely

0
050 100 150 200 250 300 350
Time

1. The stronger survives only if it is above threshold

2. Virus 1 is stronger than Virus 2, if:
strength(Virus 1) > strength(Virus 2)

3. Strength(Virus)=Af3 /6 - same as before!

Hlp//

51 ;‘,'32
(51 62
Virus 1 I Virus 2
e kbbwy  © 2017 Sakurai, Matsubara & Faloutsos
Kumamoto U CMU CS
13 )
Real Examples of “WTA
[Prakash+ WWW’12]
[Google Search Trends data]
100 e 1 100 —— "BluRay
5w ~— Digg 1 % w =~ HD-DVD Christmas Sales
P w /
P al 2
l’l‘
0 —

0
050 100 150 200 250 300 350 400 450 050 100 150 200 250 300 350 400 450
Time Time

Reddit v Digg Blu-Ray v HD-DVD
((M

EEE =) HD
b & Bl "

irai, Matsubara & Faloutsos

o/ TALKS 17 kDD, © 2017 Sakurai, Matsubara & Faloutsos 140

Kumamoto U CMU CS.

Online competition
in social networks

2R A. Non-linear (gray-box)
% modeling!

Solutions

- Winner-Takes-All [prakash+ WwWw*12]
- Co-existence of the two viruses [Beutel+ Kpp'12]
- The Web as a Jungle [Matsubara+ WWW’15]

Hlp//

Kumamoto U CMU CS

Interacting Viruses:
Can Both Survive?

Real example of “co-existence”
[Google Search Trends data]

Search Quantity
® S
28

° ]

60 Ml
40 Ky
by
20 Huld
0 2
50 100 150 200 250
Time

h K
B or7-kbb-w/ © 2017 Sakurai, Matsubara & Faloutsos 143

N ALKe)7-kbb-wt/  © 2017 Sakurai, Matsubara & Faloutsos 142

© 2017 Sakurai, Matsubara & Faloutsos

Kumamoto U CMU CS

Interacting Viruses:
Can Both Survive?

Real example of “co-existence”
[Google Search Trends data]

140
z 120
& 100 Chrome v Firefox
3 [\—~‘\
£ on YV IWN | TV /

80 AP
g W ot A\
B g0 ] ™ )

itk Ky \ y
10 i Kp
/ Firefox
20 yefA¥ Chrome
0 20 40 60 80 100 120 140 160 180
Time

hm //v\\w\ s kum amoto-
TALKS/1

7-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 144
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Kumamoto U CMU CS

A simple model: S7,,S
* Modified flu-like (SIS)
* Susceptible-Infected, . ,-Susceptible

* Interaction Factor ¢
— Full Mutual Immunity: & =0
— Partial Mutual Immunity (competition): & <0

Virus 1
"
ht \" kumamoto-

Virus 2 @

watjp/~yasuko/TALKS/17-kDD-wt/ © 2017 Sakura¥¥atsubara & Faloutsos

Kumamoto U CMU CS

Answer: Yes!
There is a phase transition

Kumamoto U CMU CS.

Question:
What happens in the end?

e=0 e=1 e=2
Winner takes all Co-exist independently  Viruses cooperate

as
s
3 o7
o6
os
a4
0a
0z
o1

Footprint (Fracton of Populat
Footprint (Fraction of Ppuiaol)

H
g
H
3

What about for 0 <& <1?
Is there a point at which both viruses
_can co-exist?

http://www.cs kumamoto- . .
st oy —yasuko/ TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 146

Kumamoto U CMU CS.

Answer: Yes!
There is a phase transition

Xy (Simulation)

Footprint (Fraction of Population)
T
Footprint (Fraction of Papulation)

3 (Simulation)
o1 ir5 (Simulation)
0 ko (Theory) ——
o i (Thee) —— :
i 0.2 0.4 06 0.8 1 20 40 60 80 100 120 140
Ecritical  Interaction Factor (¢) Time

ASSUME: Virus 1 is stronger than Virus 2

http://www.cs kumamoto-

H g

5 ]

H 2

g &

& e

5 5

2 2

g3 S

E 0.3 g

frof x; (Simulation) il

Z 02 X» (Simulation) Z

£ iy 5 (Simulation) £

g 01— 2% (Theory) —— | &

S ol spdThoor. —— — S

u o ;\;TTheory) S o

i 0.2 0.4 06 0.8 1 0 100 200 300 400 500 600 700 800
Eeritical  Interaction Factor (¢) Time
ASSUME: Virus 1 is stronger than Virus 2

htt, WWw.cs.Ki to-
B cobwy,  © 2017 Sakurai, Matsubara & Faloutsos 147
Kumamoto U CMU Cs

Answer: Yes!

There is a phase transition

*; (Simulation)

Footprint (Fraction of Population)

0.2 Ky (Simulation) z
o1 iy 5 (Simulation) £
. 'k (Theory) 3
o ¥p (Theory) K
o i1 (Theory)
i 02 04 0.6 0.8 1
Ecritical  Interaction Factor (¢)

ASSUME: Virus 1 is stronger than Virus 2

http://www.cs kumamoto-

wat i/~ yasuko/ TALKS/17-KDDwt/ © 2017 Sakurai, Matsubara & Faloutsos 148

uacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 149

© 2017 Sakurai, Matsubara & Faloutsos

Kumamoto U Result : CMU CS
Viruses can Co-exist

Given this model and a fully connected
graph, there exists an €., such that
for € 2 €., there is a fixed point
where both viruses survive.

1. The stronger survives only if it is above threshold

2. Virus 1 is stronger than Virus 2, if:
strength(Virus 1) > strength(Virus 2)

3. Strength(Virus)o=Nf /6

http://www.cs kumamoto-

wacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 150
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CMU CS

# Online competition
in social networks

2R A. Non-linear (gray-box)
T modeling!

i S

- Winner-Takes-All [prakash+ Www’12]
- Co-existence of the two Viruses [Beutel+ KDD’12]
- The Web as a Jungle Matsubara+ WWW’15]

Solutions

::l:\f_//biwiﬁil,k“v;’,‘\fzgui},xuu,“.‘ © 2017 Sakurai, Matsubara & Faloutsos 151
Kumamoto U 0 ° O CMU CS
Given: online user
activities

e.g., Google search volumes for

Xbox, PlayStation, Wii, Android

Volume @ time
o
(6]

2010 2012 2014

Time (weekly)

oto.

</17.kpp-t/  © 2017 Sakurai, Matsubara & Faloutsos 153

[Matsubarat WWW’15]
Paz2\g

The Web as a Jungle:
Non-Linear Dynamical
Systems for Co-evolving

Online Activities

Yasuko Matsubara (Kumamoto University)
Yasushi Sakurai (Kumamoto University)
Christos Faloutsos (cMU) (

::_l:fv//\Z\Aﬁ:zﬁlmmmg‘L;},KDD,\m © 2017 Sakurai, Matsubara & Faloutsos 152
Kumamot toU G 0 N l . TMU C5
1ven: onine user
o e e
activities

e.g., Google search volumes for

Xbox, PlayStation, Wii, Android

Volume @ time
o
(6]

o a7 M b ) ) v
2004 2006 2008 2010 2012 2014
Time (weekly)

CMU CS

Given: online user

activities
e.g., Google search volumes for

1. Exponential growth

[
Android

0.5

Volume @ time

oM - - v
2004 2006 2008 2010 2012 2014
Time (weekly)

hetp://www.cs-kumamoto-
w d?//N vasuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 155

© 2017 Sakurai, Matsubara & Faloutsos

© 2017 Sakurai, Matsubara & Faloutsos 154

MU Cs

( Given: online user

activities
e.g., Google search volumes for

2. (Hidden) interaction droid
between keywords

Android

oi /1Y ", o v
2004 200 2008 2010 2012 2014
Time (weekly)
e ALa17-kbD-wy © 2017 Sakurai, Matsubara & Faloutsos 156
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Given: online user - Given: online user
activities activities
e.g., Google search volumes for e.g., Google search volumes for

ion, Wii, Android Xbox, PlayStation, Wii, Android

| | |

Goal: find patterns and rules
“fully-automatically”

3. Seasonality

Volume @ time

O LI | YA
ol 4 n Yy > bW WAL IR
2004 2006 2008 2010 2012 2014 200 2006 2008 2010 2012 2014
Time (weekly) Time (weekly)
3:2//"ZW:;ﬁ':“vln,lﬂgwl},,(uu,m‘ © 2017 Sakurai, Matsubara & Faloutsos 157 '::?//vivvzﬁukuv;'/l\mgwl},}(uu,‘u. © 2017 Sakurai, Matsubara & Faloutsos 158

Kumamoto U CMU CS Kumamoto U CMU CS

Problem definition & ( Problem definition

Given: Co-evolving online activities Interaction/

X (activity x time) dI X on-linear competition Seasonality
" evolution
Find: Compact description of X
EcoWeb

http://www.cs kumamoto- .
wacjp/~yasuko/TALKS/17-kDD-tut/ © 2017 Sakurai, Matsubara & Faloutsos 159

http://www.cs kumamoto- X
w.acp/~yasuko/TALKS/17-kDD-tut/ © 2017 Sakurai, Matsubara & Faloutsos 160

Kumamoto U CMU CS Kumamoto U MU Cs

Problem definition Modeling power of

EcoWeb

Given: Co NO magic numbers 1 S XbOX, PlayStation,
X (4 X :I Wii, Android
—>n 0 Fitting result - RMSE=0.058817
: M
Find: Comp gosll_x Play -
S 0° ' Station wi
Parameter-free! Sosf ‘ " _
K pay Al B Z o2t 9 IA NN i N Y N . Android
did B A e e 2 = = |nteraction

—_—

EcoWeb-Fit network
http://www.cs kumamoto- http://www.cs kumamoto- ( la te n t )

wacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 161 u.acjp/~yasuko/TALKS /17-KDD-tut © 2017 Sakurai, Matsubara & Faloutso:

162
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CMU CS

#  Modeling power of
EcoWeb

Wii vs. Android!
‘m Fitting result - RMSE:O.QQ\ E

Play
. Keyword Station

Xbox

Volume @ time
o o

strength of | |nteraction
interaction network
e a7 kppauy | © 2017 Sakurai, Matsubara & Faloutso( late n t ) 163

CMU CS

( Modeling power of
EcoWeb
E3: Electronic | Christmas o
Entertainment |, . g
Expo (June) Jr :‘

Summer |

Soz2
vacation |
0 | ‘

Jan Mar May Jul' Sep Nov
Time (weeks)

EcoWeb: seasonal component

CMU CS

( Modeling power of
EcoWeb

B (k=1) Christmas S

v » .-
Black Friday ¢ |
0.4 |
g | E3 N\
So2 | Summer |
| .
| vacation |
o \ v ‘
M /\“,\A N

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component

164

http://wwwcs to-
u.ac.jp/~yasul LKS/17-KDD-tut,

© 2017 Sakurai, Matsubara & Faloutsos

ety 7 kbptay © 2017 Sakurai, Matsubara & Faloutsos 165
( Modeling power of
EcoWeb
B (k=1) Christmas &S
[—
Black Friday
(November)
vacation
o\ Yoy ‘
NI I

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component

167

hetp://www.cs-kumamoto-
u.,?,//~ asuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos

© 2017 Sakurai, Matsubara & Faloutsos

CMU CS

( Modeling power of

EcoWeb

Summer Ptmas x.-°
vacation v

\J

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component

166

http://wwwcs to- .
wac,p/~yasu Lks/17-kpD-tuty  © 2017 Sakurai, Matsubara & Faloutsos

MU Cs

( Modeling power of
EcoWeb

. istmas 5
Christmas l* .-
0.4 J

g | E3 | |
Soz2f| Summer | "
‘ '

w vacation |
of \ A\‘r ‘
S~ T

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component

168

http://www.cs.kumamoto-
u_af,//» asul LKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU CS

Problem definition

Given: Co-evolving online activities

X (activity X time) dI X
—>n

Find: Compact description of X
EcoWeb

Kumamoto U CMU CS

EcoWeb: Main idea
Q. How can we describe the evolutions of X ?
EcoWeb
P r K A W B
= X
gil =
-

A. The Web as a jungle!
- “Virtual species” living on the Web
- Interacting with other species (activities)

http://www.cs kumamoto-

wacjp/~yasuko/TALKS/17-kDD-tut/ © 2017 Sakurai, Matsubara & Faloutsos 169

Kumamoto U CMU CS

The Web as a jungle

Squirrel Spider
monkeys monkeys Macaws

Capybaras

cosystem
n the

eb

m[Fruits] 4

Xbox PlayStation wiji Android

Py
ﬂmﬂ

Ecosystem
in the SEOX Wii

Jungle

, Kids , Teens , Adults

hllp //wwsesiumamoto-

asuko/TALKS/17-KDD-tut, 2017 Sakurai, Matsubara & Faloutsos 171

Kumamoto U CMU CS

EcoWeb: Main idea

Q. How can we describe the evolutions of X ?

Interaction /
competition

Non-linear
evolution

© 2017 Sakurai, Matsubara & Faloutsos

http://www.cs kumamoto-

wacp/~yasuko/TALKS/17-KDD-tut

© 2017 Sakurai, Matsubara & Faloutsos

hllp //wwwcs kumamoto-
uac

asuko/TALKS/17-KDD-tuy  © 2017 Sakurai, Matsubara & Faloutsos 170

CMU CS

Ecosystem on the Web ’g
U = Online
W activities
Food & User
resources @ “‘ﬁ resources
Population IE '“'t &I Popularity
Climate/ Annual events
season l“t (e.g., Xmas)
Jungle M Web

Image courtesy of xura, criminalatt, David Castillo Dominici, happykanppy at FreeDigitalPhotos.net.

© 2017 Sakurai, Matsuhara & Faloutsos 172

Kumamoto U

Biological
species

hllp //wwwcsk mamoto-
. ast 'TALKS/17-KDD-tut,

Kumamoto U MU Cs

G1: EcoWeb-individual

Popularity size increases over time

U| g €A ﬂ
3 Spec1es Foo dsw‘ .: ﬁ
ttract & —
R - attrac w “umu”@
3 W< - W
2 " & g [
Keywordsysers D W

t=0 t=1 t=2
http://www.cs kumamoto-

uac,p/~yasuko/TALKS/17-KDD-tut

© 2017 Sakurai, Matsubara & Faloutsos 174
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y G1: EcoWeb-individual ég;

Non-linear evolution of a single keyword

/]

Popularity size

:[m (1 _Ea ] ,

p - Initial condition (i.e, P(0) =p)
r — Growth rate, attractiveness
K - Carrying capacity (=available user

resources)
h sk -
\:l:f_/e/bzwt.vzﬁu “{‘,‘QK%,KUU,“.‘ © 2017 Sakurai, Matsubara & Faloutsos 175
Kumamoto U CMU C5

EcoWeb: Main idea

Q. How can we describe the evolutions of X ?

Non-linear
evolution

Interaction/
competition

Seasonality

jung
o
http://www.cs kumamoto- .
wacjp/~yasuko/TALKS/17-KDD-wt/ _© 2017 Sakurai, Matsubara & Faloutsos 177

y G2: EcoWeb-interaction g

Interaction between multiple keywords
Popularity of keyword i Popularity of j

EAEDISIAOY

2471 ai]‘P' t
1 i 11— == =~ ,
+r ( K,

(i:17"'7d)7 (3)

a; - Interaction coefficient
- i.e, effect rate of keyword j on i

http://www.cs kumamoto-

wacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 179

© 2017 Sakurai, Matsubara & Faloutsos

y G1: EcoWeb-individual &

Non-linear evolution of a single keyword

: i3

p — Initial condition (i.e.,, P(0) =p)

r — Growth rate, attractiveness

K - Carrying capacity (=available user
resources)

http://www.cs kumamoto- .
w.acp/~yasuko/TALKS/17-kDD-tut/ © 2017 Sakurai, Matsubara & Faloutsos 176

Kumamoto U CMU CS

G2: EcoWeb-interaction &

Interaction between multiple keywords

‘«
Food
resources

User
resources
http://www.cs.kumamoto-
u.ac.jp/~yasuko/TAl

TALKS/17-kpD-tuy  © 2017 Sakurai, Matsubara & Faloutsos 178

y G2: EcoWeb-interaction g‘

Interaction between multiple keywords
Popula fj

Pi+| | a; >0

el
I -

a; - Interaction coefficient
- i.e, effect rate of keyword j on i

http://www.cs kumamoto-

wacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 180
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Kumamoto U CMU CS

EcoWeb: Main idea

Q. How can we describe the evolutions of X ?

Interaction /
competition_ [ Seasonality

J

Non-linear
evolution

h cskumamoto-
P// Y msuko /IALKS/17-kpD-twt/ © 2017 Sakurai, Matsubara & Faloutsos 181

Kumamoto U CMU CS

G3: EcoWeb-seasonality Ef;

“Hidden” seasonal activities

| amazon

[owss]

Users change their behavior
according to seasonal events!

\M

mate events
hllp // www.cs.kumamoto-

suko/TALKS/17-kpD-tuy  © 2017 Sakurai, Matsubara & Faloutsos 183

Kumamoto U CMU CS

G3: EcoWeb-seasonality &

“Hidden” seasonal activities
<, = amazon
| Walmarl

[REZEN

ﬂ-ﬂ

Season/ Seasonal
Climate events
T by, © 2017 Sakurai, Matsubara & Faloutsos 182

CMU CS

G3: EcoWeb-seasonality &

“Hidden” seasonal activities
Estimated volume of keyword i

k
: FGHW,B) =S wigbi(r) (=t mod ny))
j=1

Seasonal activities of i

w - Participation (weight) matrix
B - Seasonality matrix

CMU CS

G3: EcoWeb-seasonality g

“Hidden” seasonal activities
Estimated volume of keyword i

|C |—|P(t)|1+|61|| (i=1,---,d),

fli W R) — Y “ : -
o .
C: volume ¢ | P:latent popularity
— [ 10
10
208 (ST
808 . 006
2o 10 5::
i ty| Sa
%% 10 20 a0 w0 s 70 100 200 300 400 500
}Eﬂ/e/ ke 17-kbbu/ © 2017 Sakurai, Matsubara & Faloutsos 185

ht kumamot
& p//wwk\ - r/‘\m: 017 KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 184

MU Cs

G3: EcoWeb-seasonality g‘

“Hidden” seasonal activities

Estimated volume of keyword.i
E: seasonality

O)= PO AAAAAA
W;ﬁ \E RARAAR

LW R =S q

© 2017 Sakurai, Matsubara & Faloutsos

C: volume TP latent popularlty
10 ]
2os (S Eas
006 . ®06
§o.4 10 ;0.4 |
oz ty S02
“%0 100 200 30 400 500 "o 0 20 3 40 50
t‘,_‘jﬂg Zf“;ﬁﬁok JTALKS/17 kpp-wy_© 2017 Sakurai, Matsubara & Faloutsos 186
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CMU CS

G3: EcoWeb-seasonality Ef;

“Hidden” seasonal activities

Estimated volume of keyword i
Y

| Ci(t) =P ()] [1 +[es (1))
k
’: f(,t{W,B) = Zw»ijbj(T) (r=1[t mod ny))
j=1

\ Seasonal activities of keyword i
w - Participation (weight) matrix
B - Seasonality matrix

N

(i:17"'7d))

http://www.cs kumamoto- .
wacjp/~yasuko/TALKS/17-KDD-wt/ _© 2017 Sakurai, Matsubara & Faloutsos 187
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EcoWeb: Main idea

Q. How can we describe the evolutions of X ?
EcoWeb

P r K A W
(000 0
Full parameters l 1

= {p,r, K|A|W,B

B
x [

© 2017 Sakurai, Matsubara & Faloutsos 189

CMU CS

Idea (1): Seasonal
component analysis
Q1. How can we automatically
find “k-seasonal components” ?

a

EcoWeb
=1 [nuu W i
-
Idea (1) :

a. Seasonal component detection
b. Automatic component analysis

hetp:/7Www.cs Kumamoto-
u__,cv/t asuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 191

© 2017 Sakurai, Matsubara & Faloutsos

y G3: EcoWeb-seasonality g

B

E: seasonality W B
AN, |= ) > =«
ANANANAND n, k=2
2 k
| eiWf= 7 t{W.B) =D Jwisbi(r) (r=[t modny])
j=1
Seasonal activities of keyword i

w - Participation (weight) matrix
B - Seasonality matrix

http://www.cs kumamoto- .
w.acp/~yasuko/TALKS/17-kDD-tut/ © 2017 Sakurai, Matsubara & Faloutsos 188

CMU CS

( Algorithms
wA
Q1. How can we automatically ﬂ
find “seasonal components” ? Ean
| Idea (1) : Seasonal component analysis

2. How can we efficiently estimate
full-parameters ?

P r K A

T

-

Idea (2): Multi-step fitting |
ko 7-kbb-w/ _© 2017 Sakurai, Matsubara & Faloutsos 190
( Idea (1): Seasonal

component analysis

Q1. How can we automati "l
r
petails @ Prents 2 ﬂ

ICA MDL
Y # > K d
. K ) oo J
.:‘:.'“" » ;’;"‘J” o o,
b Data (X) Ideal model (M)

Idea (1):
a. Seasonal component detection
b. Automatic component analysis

ICA

http:/7Wwww.cs Kumamoto-
mv/ﬂ asuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 192

32



Tutorial@KDD'17

¢  ldea (1): Seasonal

component analysis
Idea(1-a) Seasonal component detection

E d=2

kumamoto-
asuko/TALKS/17-kDD-tuy  © 2017 Sakurai, Matsubara & Faloutsos

http://www.cs kui
uacjp/~y:

CMU CS

Wkﬂme (1,..n)

193

( Idea (1): Seasonal

component analysis
Idea(1-a) Seasonal component detection

E [d=2

q JLIM J\\ Time (1,... n)

http://www.cs kumamoto- .
u.ac.jp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 194

¢ ldea (1): Seasonal

component analysis
Idea(1-a) Seasonal component detection

E d=2

CMU CS

Independent
components

( Idea (1): Seasonal

component analysis
Idea(1-b) Automatic component analysis

Find optimal number k (1<k<d)
d: dimension
E: seasonality w B
SAAAAAN = dD x
ANNAANNAD n,
n

k

opt k=?

¢ ldea (1): Seasonal
component analysis

min (|Costy(S) |+ |Cost (X|S)|)
Coding cost

Model cost

Good mny Good
compression |®¥.J| description

hetp://www.cs-kumamoto- .
w.ac,p/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos

Idea(1-b) MDL -> Minimize encoding cost!

CMU CS

==CostM
==CostC
CostT

197

© 2017 Sakurai, Matsubara & Faloutsos

L;},KDD,“,‘ © 2017 Sakurai, Matsubara & Faloutsos 196

( Idea (1): Seasonal

component analysis
Idea(1-b) MDL -> Minimize encoding cost!

==CostM
=CostC

Costr(X;8S) = log™(d) + log™(n) + Costam(p, 7, K)
+Costr(A) + Costar(k, W,B) + Costc(X|S)

kopt = arg min Costr(X;S)
k

Good mn Good
compression |[R.J| description

http://www.cs.kumamoto-
“_(,fv//k asuko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 198
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CMU CS

e ( Idea (1): Seasonal
component analysis

¢  ldea (1): Seasonal

component analysis
Idea(1-b) Automatic component analysis

Find optimal number k (1<k<d) w

B
d: dimension I x [

opt k=?
B k=1 k:jk/\ E k=

Cost(1)=$$  Cost(2)=$
’u‘_‘jﬁ_’E/‘Zwtﬁ'ji'f*{Xi?g“{;,,(uu,m‘ © 2017 Sakurai, Matsubara & Faloutsos

Cost(3) = $$$

199

CMU CS

Kumamoto U

Idea (2): EcoWeb-Fit
2. How can we efficiently estimate
model parameters ?

Idea (2): Multi-step fitting
a. StepFit (sub)
b. EcoWeb-Fit (full)

201

mamoto-
TALKS/17-KDD-tuy  © 2017 Sakurai, Matsubara & Faloutsos

CMU CS

( Idea (2): EcoWeb-Fit
(2-b). EcoWeb-Fit: full algorithm

e.g., 4keywords: @GO OQ

1. Individual-Fit 2. Pair-Fit 3. Full-Fit

Idea(1-b) Automatic component analysis
Find optimal number k (1<k<d) W

B
x [

opt k=?
B k=1 k=
Cost(1)=$$  Cost(2)=$ Cost(3) = $$$

B N C
(D)

EcoWeb-Fit updates parameters, separately

© 2017 Sakurai, Matsubara & Faloutsos

http://www.cs kumamoto-
uacjp/~yasuko/T

o
ALKS/17-KDD-tut

© 2017 Sakurai, Matsubara & Faloutsos

http://www.cs kumamoto- .
w.acp/~yasuko/TALKS/17-kDD-tut/ © 2017 Sakurai, Matsubara & Faloutsos

CMU CS

( Idea (2): EcoWeb-Fit

(2-a). StepFit: Update parameters alternately
N

St A P r K
jon W 0

B 4@ @

Step B r K Wx-
il gl

(G1 |

http://www.cs kumamoto-
uac.jp/~yasul 1

MU Cs

Kumamoto U

Experiments

We answer the following questions...

Q1. Effectiveness

How successful is it in spotting patterns?

Q2. Accuracy

How well does it match the data?

Q3. Scalability

How does it scale in terms of computational time?

204

© 2017 Sakurai, Matsubara & Faloutsos

http://www.cs kumamoto-
~yasuko
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xxxxxxx
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Kumamoto U CMU CS

Q1. Effectiveness
(#1) Video games

Interactions

between keywords

X Fitting result - RMSE=0.058817

Kumamoto U CMU CS

Q1. Effectiveness
(#1) Video games

Fitting result - RMSE=0.058817 Seasonal]ty

Xt B (k=1) Christmas

"l |] [PlayStation Aqr0id b1 1
Wii

Black Friday
\

| E3 N

osf Xbox | guz | ‘ Summer |V
f [ | | | vacation |

vy

Volume @ time

Jan Mar May Jul Sep Nov
Time (weeks)

2008 2010 2012 2014
Time (weekly)

2004 2006

h sk -
v AL © 2017 Sakurai, Matsubara & Faloutsos

1 x2 . .
3 PlayStatlon“ Android

208 x4 Wii
oostXbox 1 |
o
S04 I
202 1 s Ja%

2004 2006 2008 2010 2012 2014

Time (weekly)
e tavke 17k © 2017 Sakurai, Matsubara & Faloutsos 205
Kumamoto U CMU CS
.
Q1. Effectiveness
. Interactions
(#2) Programming language
C, R, MATLAB
Fitting result - RMSE=0.076417
AN

gos

®os S Seasonality

é 04 u B(1x52) , k=1 Christmas

Z o2 (NP 1] . Summer, |

2004 2006 2008 2010 2012 2014 . \
Time (weekly)
Jan Mar May Jul Sep Nov
::_l:\f_//"Zbiﬁ"fi},k“v;?\i?gli},xuu,“.‘ © 2017 Sakurai, Matsubara & Faloutsos 207
Kumamoto U CMU Cs

Q1. Effectiveness

(#4) Apparel companies
Kohls , JCPenny , Nordstrom , Forever21

Fitting result - RMSE=0.074104

[

E

H A

e g B(1x52) , k=1

E g

2 o ﬁ j MQJ Back to .

‘ Pl O school
0’ P | T
2004 2006 2008 2010 2012 2014 ~ Black
Time (weekly) "\ Friday

Jan Mar May Jul Sep Nov
© 2017 Sakurai, Matsubara & Faloutsos 209

http://www.cs kumamoto-

wacp/~yasuko/TALKS/17-KDD-tut

© 2017 Sakurai, Matsubara & Faloutsos

wacjp/~yasuko/TALKS/17-KDD-tut

Kumamoto U CMU CS

Q1. Effectiveness

(#3) Social media Interactions

Tumblr , Facebook , LinkedIn

Fitting result - RMSE=0.039536 .

Seasonality
B(1 x52) , k=1

x1
x2
x3

o
©

o
o

Volume @ time
o
IS

o
N
N

A

-/ Christmas
Jan Mar May Jul Sep Nov

N _
2004 2006 2008 2010 2012 2014
Time (weekly)

h sk -
v AL © 2017 Sakurai, Matsubara & Faloutsos 208

wacjp/~yasuko/TALKS/17-KDD-tut

Kumamoto U MU Cs

Q1. Effectiveness

(#5) Retail companies
Amazon , Walmart , Home Depot ,
BestBuy , Lowes , Costco

Fitting result - RMSE=0.065173 |nteraCt10n

o] 2 Al
3 AR /%’u{ﬂ ) jj' ®e

o= -
2004 2006 2008 2010 2012 2014
Time (weekly)

http://www.cs kumamoto-

u.ac.jp/~yasuko/TALKS /17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU CS Kumamoto U CMU CS
Q1. Effectiveness Ef; 4 Q2. Accuracy
(#5) Retail companies RMSE between original and fitted volume
Amazon , Walmart , Home Depot , (Lower is better)
BestBuy , Lowes , Costco 0 B Eoovieh Fit
: Fitting result - RMSE=0.065173 Seasonality %)J os =E§oWeb-Plam
1 X o
X2 B(2x52 =
éo.s ﬁ b1 Memorlal Dayﬁg'a& Friday g 04
(o))
Soel e - Y Labor Day| £
;§ 02 AN & 0.0
o\ /X M #2  #3  #4 #5

o= st 0. 4th of July Data ID .

2004 2006 2008 weonyy 212 Jan Mar May Jul Sep Nov EcoWeb consistently wins!
::l:\f_//biwiﬁ},k“v;’,l\fzgui},xuu,“.‘ © 2017 Sakurai, Matsubara & Faloutsos 211 ﬁfjf,/E/‘Z‘ﬁ}ﬁ'ﬁiff.’j{‘[‘.‘{l?‘ﬁ;,KDD,‘m © 2017 Sakurai, Matsubara & Faloutsos 212
Kumamoto U CMU CS CMU CS

ors EcoWeb at work -
Q3. Scalability .
forecasting

Wall clock time vs. dataset size (years) Forecasting future activities

EcoWeb-Fit scales linearly, i.e., O(n) Train: Forecast:

_  EcoWeb-Fit 2/3 sequences 1/3 following years
g 1900 EcoWeb-Plain o
Y v Original sequences
£ 1000 o~ © 1
=
N
5] PR— )
= 500 I O 05

O5 — 6 7 — ? 4; 710

Datasize (years) %04 2006 2008 201 0 2012 2014
7x faster than LV, 20x faster than EcoWeb-Plain
A ka1 7-kbD-wy © 2017 Sakurai, Matsubara & Faloutsos 213 e vtk TALKS/ 17 k- © 2017 Sakurai, Matsubara & Faloutsos 214
CMU Cs CMU CS
EcoWeb at work - EcoWeb at work -
forecasting forecasting
Forecasting future activities Forecasting future activities
Train: Forecast: EcoWeb
2/3 sequences 1/3 following years 1 : : } ‘
05 | }}, i l
1 T T EcoWeb - }c L :" 3“}“',:3 J‘ '\M'I"*“ j‘ﬂe%
) | ' Hoa 2006 2008 2010 2012 2014 AR
‘ T
0.5 ! g 4 - ,
[ i ; ‘ \ o
tyd HNL\. ﬁ N d ﬁ 05 P { o
ua‘lj‘h““}‘qw« ‘rTI"‘JW i wj"‘ e / i 'M\V\U}‘ »\N"L"W’*"i"z" },“w S—
ATl N —|
2004 2006 2008 2010 2012 2014 o4 2006 2008 2010 2012 2014
EcoWeb can capture future patterns EcoWeb can capture future patterns!
i‘f;{i/E/‘iﬂ”;‘jif“{’,‘\fﬁg“};,K[,[,,m © 2017 Sakurai, Matsubara & Faloutsos 215 B_‘;g//VZM:’;;i:\ﬁ,n\ﬁ(‘gz‘;},KD[,,m © 2017 Sakurai, Matsubara & Faloutsos 216
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EcoWeb at work - partz | Roadma
. a
forecasting p
ForecastElcrzv%efuture activities — Problem | |
1’;",&‘ " . 1 . ] JQ ﬂ  Why: “non-linear” modeling
D51l s AR 05 A
| “,,:L.Az‘vfm i Wv M“%‘ F A J_ | Fundamentals |
-2 + Non-linear (grey-box) models
T - ' | Applications |
b5 ’:« v,‘ "J hy W‘? Al n‘ " 0.5 — : :
ot Mg,mw W el il | — « Epidemics
2 04 2006 2008 2010 2012 2014 %04 2006 2008 2010 2012 2014 ’
(b) Programming languages (#2) (c) Apparel companies (#4) “ Information diffusion
EcoWeb can capture future patterns! ¢ Online competition l" VS. .
::_l:\f_//"ZW:;}fi':uv;?\aLﬂgl;,Kuu,m‘ © 2017 Sakurai, Matsubara & Faloutsos 217 h_l;z//viw:vci: {'/‘\"ergwn kpp-tut/  © 2017 Sakurai, Matsubara & Faloutsos
Part2 | Roadmap & ( Big time-series data streams
Problem | Social/natural phenomena |
 Why: “non-linear” modeling  Climate |
"‘ ’ Web
. Exte.nswn: A - ol oo
Non-linear modeling for data streams w
5 ~1°" Big Data
« Information diffusion 0~
«” Online competition '!' vs. . Physical sensors Epidemic
e tavke 17k © 2017 Sakurai, Matsubara & Faloutsos 19 e tALke 17 k- © 2017 Sakurai, Matsubara & Faloutsos 220
Big time-series data streams g ( Big time-series data streams

| Social/natural phenomena |

climate ) K
«

| Social/natural phenomena |

e climate [a.,

Online activities omy|
Al Amazon P
Google Netflix
0
demi

http://www.cs kumamoto-

wacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 221

http://www.cs kumamoto-

wacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 222
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CMU CS

Kumamoto U

Big time-series data streams

| Social/natural phenomena |

¢l A

004 2007 2010 2013 2016
Time
L

IL s

Q. Can we forecast future events?

http://www.cs kui
uac) 223

kumamoto-
~yasuko/TALKS/17-kDD-tut/  © 2017 Sakurai, Matsubara & Faloutsos

CMU CS

Kamamoto U Big time_series data
streams

* Given:
X

Co-evolving event stream

X = (x(1), x(2), ..., x(t.), ...} Google
* Goal:
Forecast /-steps-ahead —

future events, X 6

[Matsubara+ KDD’16]
il
Regime Shifts in Streams:
Real-time Forecasting of
Co-evolving Time
Sequences

Yasuko Matsubara (Kumamoto University)
Yasushi Sakurai (Kumamoto University)

¢

http://www.cs kumamoto- .
wacjp/~yasuko/TALKS/17-kDD-tuy  © 2017 Sakurai, Matsubara & Faloutsos 224

CMU CS

( Overview

What is “Real-time forecasting”? ]
(a) /-steps-ahead forecasting

X, 56

(b) Adaptive non-linear modeling

[ Noncinear | )]
Tadpve | | Mo

s

L
(%]
~J ~+
-lm %
O
w

226

at any point in time —Forecait

;\)11771([)1)—“.\ © 2017 Sakurai, Matsubara & Faloutsos

225

CMU CS

oy (a) [ -steps-ahead
forecasting

: Predict /-steps ahead events
: Capture dynamic patterns

Arrived Future
events events [s-steps
———\
X ahead
: e A events
— [
B or7-kbb-w/ © 2017 Sakurai, Matsubara & Faloutsos 227
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$/17-KDD-tut,

MU Cs

( (b) Adaptive non-linear
modeling

: Non-linear dynamical systems
Adaptive |: Regime shifts (ecosystems)

2

m NLDSs Woodlands  Grasslands
2 FreeDigitalPhotos.

et.
17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 228
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Main ideas

Latent non-linear dynamics v
R LR

P2 | Regime shifts in streams 5é

g

1 lALM 17kppawy  © 2017 Sakurai, Matsubara & Faloutsos

Nested structure

Proposed model g Ef;

Kumamoto U CMU CS

Various patterns (“regimes’) in streams
walkmg stretchmg (Ieft) (both)

500 1000 1500 2000

htt, Vi
o ke kpbay  © 2017 Sakurai, Matsubara & Faloutsos 231

mmmmm CMU CS

( Latent non-linear dynamics

Various patterns (“regimes”) in streams

walking stretching (right)

T

http://www.cs kumamoto- . .
st oy —yasuko/ TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 230

Regime shifts in streams

Kumamot to U CMU CS

( Regime shifts in streams

Various patterns (“regimes”) in streams
walkmq stretchlng (Ieft) (both)

500 1000 1500 2000

Regime #1 [ia¢
“Walk,, g

Kumamoto U CMU CS

Various patterns (“regimes”) in streams

walking stretchlng Ieft (both)
|
500 10( 2000
change
Regime #1 Regime #2
“Walk” » “Stretch”

hetp:
uac,

~yasuko/ TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 233

htty " S
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Regime shifts in streams

© 2017 Sakurai, Matsubara & Faloutsos

mmmmmm

( ” Regime shifts in natural

MU Cs

systems (P2}

Abrupt changes in the structure of complex systems

Examples:

* Woodland vs. grassland
» Coral vs. macro algae
* Desert vs. vegetation

Woodlands Grasslands
Ecological system

m mw?wama«w FreeDigitalPho
‘Me/ 17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 234
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Regime shifts in event
streams

Abrupt changes in the structure of complex systems

D

¢

Woodlands Grasslands  Walking Wiping
Ecological system Motion sensors

m\ wL S8k FreeDigitalPho
oy | © 2017 Sakurai, Matsubara & Faloutsos 235

Kumamoto U CMU CS

Nested, multi-scale dynamical activities

beaks wings ftail feathers  claps

i Chicken

¥ dance

Kumamoto U CMU CS.

Nested structure

Nested, multi-scale dynamical activities

beaks wings tail feathers claps
--- Chicken

dance

Original events
XD : Long-term

+
X®: short-term

|
e naa17-kbbut/  © 2017 Sakurai, Matsubara & Faloutsos 236

Nested structure

X(I)Fw@[ﬁm Tall feathers =

bendlng knees, once

@)
X VVV#%WWW[ moving arms, quickly

Iike)17 kppawy  © 2017 Sakurai, Matsubara & Faloutsos 237

Kumamoto U CMU CS

Problem definition
* RegimeSnap

Current window X ) Forecast window V. |
—

Kumamoto U CMU CS.

Problem definition
* RegimeSnap

Current window X [ Forecast window V. |

—

b INETSETNG T | = Event stream X
N T b Estimated events V,
Time [, 1. tt,

Arrived events Future (unknown) events

htty a to-
e kbbwy © 2017 Sakurai, Matsubara & Faloutsos 238

Given:
Current window X

(original events)

N AW

~

Time [, . L

s e
>

Future (unknown) events

Arrived events

hu www.cs kumamoto-
p// suko/TALKS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 239
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Kumamoto U CMU CS

Problem definition

* RegimeSnap
Find:

Estimated events V-

Current window |

= Event stream X
Estimated events V.

Arrived events Future (unknown) events

hm //v\\w\ s kumamoto-
o/TA]

KS/17-KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 240
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Kumamoto U CMU CS

Problem definition

Report:
Forecast window V.
(l;-steps-ahead)

* RegimeSnap

Current window

—>
AN : Event stream X
Lo e ) | | == Estimated events V.,
Time VF

Arrived events Future (unknown) events

) t skun
P// :v:::ku 1/‘(&: (17 KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 241

Kumamoto U

Streaming algor*™ 4_:

v 2

v s

* Proposed algorithms

X
RegimeCast

Report [,-steps-ahead future events
RegimeReader
Identify current regime dynamics
A3 | RegimeEstimator

Estimates regime parameter set 6

Kumamoto U CMU CS

RegimeCast

Event stream X Time — . t

- 6556 AL 65E64Xce Report
[ Ve
- -

Forecast
window

mp //WWK\,‘C. uk |AL‘|‘2§“1’7 KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 242
Kumamoto U CMU CS
RegimeCast

Event stream X Time t
O
Step1: Extract
current window
mp //WWK el v|AL‘E§\Ol7 KDD-tut, © 2017 Sakurai, Matsubara & Faloutsos 244

(1) )
6, [
o] [l )7
\aadll A \%
@ gD y Wﬁ E
0> 6, g
E E
s mamoto: .
~yasuko/TALKS/17-kDD-tut/ © 2017 Sakurai, Matsubara & Faloutsos 243
Kumamoto U CMU CS

Step2: Find
optimal regimes

1 @(2)
91(2) H;2)

http://www.cs kumamoto-

wacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos 245
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Kumamoto U

| Step3: (optional)
Estimate/insert
new regime 6

%

I [ Insert new
W) :
o regime 6

Estimator

MU Cs

http://www.cs kumamoto-

wacjp/~yasuko/TALKS/17-KDD-tut © 2017 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU CS

Step4: el v,
Estimate

future events X, C;P

Regime

Reader J |
Estimated v = el Ve
local events: vo o o

Kumamoto U CMU CS

RegimeCast
A N

http://www.cs kumamoto- .
wacjp/~yasuko/TALKS/17-kDD-tut/ © 2017 Sakurai, Matsubara & Faloutsos 247

Step5:
Report (i
future events

Kumamoto U CMU CS

RegimeCast

Event stream X Time — . t

&6666666@7466666664%&5 Report
[ Ve

—— Forecast

window

N on
ol A v
@ gD y Wﬁ E
0> 6, g
E E
sk -
asuko *{Ri’ﬂ?‘”n,mu,m\ © 2017 Sakurai, Matsubara & Faloutsos 249

Forecast
.
window V¢
V Vi
E ,Wﬁ
—
':I//vi‘i:zﬁukuv:’/‘\i‘;;\m;},}(bu,‘m © 2017 Sakurai, Matsubara & Faloutsos 248
Kumamoto U CMU CS

Forecasting power of
RegimeCast
Real-time forecasting over data streams

2
Original Uh{-u i
L

L L " L
1000 2000 3000 4000 5000
Forecasted sequences

il
Forecast | ° |tin
2 LYY L s L s
1000 2000 3000 4000 5000
(1 OO'StepS Realtime forecasting : t=800
-ahead) [

Snap-Shot

(Current
window)

n

g-<
1

0 7 800 1000

Kumamoto U CMU CS

Forecasting power of
RegimeCast

Real-time forecasting over data streams
3ﬂhﬂ

2f ¥
Original | ° k{‘»‘;»f‘;
Arrived precseaseqend  Future
2
events events
Forecast o

(100-steps /
-ahead) [ -

(Current
window)

http://www.cs kumamoto- 600 700 800 300 1000
uacjp/~yasuko/TALKS/17-KDD-tut 2017 Sakiirai, Matstibara & Faloutsos 251

2
1
0p
1
2

=
=
=
g
- )
N,
\

60 0
© akurai, Matsubara & Faloutsos

Kumamoto U MU Cs

Forecasting power of
RegimeCast

Real-time forecasting over dat

2
Original | ohi
s

o . 30‘00
Arrived precastaseque uture

2
S —— 2 .‘c‘-:-‘vents events

(100-steps ,
-ahead) [ =
Snap-Shot

(Current
window)

http://www.cs kumamoto- 600 700 800 800 1000

2
1
L2\
1 -
2

© 2017 Sakurai, Matsubara & Faloutsos
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Forecasting power of
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Real-time forecastmg over data streams
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Q1. Effective — Google Trend
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Q1. Effective — others

Atmospheric pressure & temperature
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Q2. Accuracy

Forecasting results of RegimeCast vs. others
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Q1. Effective — others
Yen vs. dollar & AU vs. PT
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Q2. Accuracy
Forecasting error (RMSE), lower is better
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Q2. Accuracy

Forecasting results of RegimeCast vs. others
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Q3. Scalability
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Q. Discussion

Q. How long ahead
can it forecast?
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A. It can forecast
future events
for every step [,

Q. How long ahead
can it forecast?
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Part2 | Conclusions TK

v Why: “non-linear” modeling
- Black box: lag plots (k-NN search)
- Grey-box: given a model

¢/ Fundamentals: popular non-linear models
- Logistic function, Lotka-Volterra, Competition,
- Epidemics (SI, SIR, SEIR, etc.), ...

o/ Applications: non-linear mining 2
- Epidemics o,;

- Information diffusion

- Online competition
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