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— Motivation

- Similarity search,
pattern discovery Part 1
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series data: Part 3 |
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{ | rart2 | Roadmap

Fundamentals

— Non-linear (“gray-box”) models

Applications
- Epidemics + » 3P

— Information diffusion ¥
= a
- (Online) competition ' ' vs @
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#  Non-linear mining and !g
forecasting
Q. What are “non-linear phenomena”?
Example: logistic parabola
Models population of flies [R. May/1976]
Ty = axy - (1 — xy)
Time-series plot T 1 Logistic
1 iy e/ ma
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Kumamoto U CMU CS

( Non-linear mining and &

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

Problem:

Given: a time series X,

Predict: its future course, ic, X, 15X 05¢

J
1
/ \
x ~l // \\.
/ \
.6 "'.I
= .5

02% 0s or

Timesteps
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Kumamoto U CMU CS

( How to forecast? E&

Solution 1
Linear equations, €.g., AR, ARIMA, ...

Lt+1.) 1=

N

/ \
r/// \\.'\
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Kumamoto U CMU CS

( How to forecast? &

Solution 1
Linear equations, e.g., AR, ARIMA, ...

e.g., AR(1) /
Tip1 = AT T € / \\
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Kumamoto U CMU CS

( How to forecast? Efi

Solution 1
Linear equations, e.g., AR, ARIMA, ...

@ but: linearity assumption
Li41.] as

| / Q\ﬁt: fails

\
\
\
\

e.g., AR(1)
Tip1 = Ay + €
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( How to forecast? &

Solution 2
“Delayed Coordinate Embedding”

= Lag Plots [Sauer92]

- Based on k-nearest neighbor search

g

9 I
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( General Intuition 2&
(Lag Plot)

Solution 2

. Lag =1,
X4 k=4 NN
Interpolate
+ +
these... + 4
+
+t
To get the final +
prediction +
T A
J Ki-1
4-NN

New Point
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CMU CS

Kumamoto U

( Forecasting results

(Lag PlOt) [Chz;‘li;rabartﬁ CIKM’02]
Solution 2 LORENZ

dicted

Logistic parabola ==

3
iginal —e— =
'.1 te _—

origi
o

Original x; Forecasted x,; y
(red) (green) |
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Kumamoto U CMU CS

( How to forecast? E&

Solution 2
“Delayed Coordinate Embedding”

= Lag Plots [Sauer92]

- Based on k-nearest neighbor search

- Non-linear Forecasting!

S

L1 .l
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( How to forecast? ’g\,

Solution 2 ’C@

“Delayed Coordinate Embedding™

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

Tit1 '

@ But, still,...

Hard to interpret —=
http://www.cs. kumamoto- '
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Kumamoto U CMU CS

( How to forecast?

Solution 3 m

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

Non-linear
modeling!  ‘t+1°

Ty = axy - (1 — xy) —f
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Kumamoto U CMU CS

( How to forecast? &

Solution 3

Non-linear equations

s S

5\? » Big Time series g QO- /N

>

o>

hi. LP./TWWW.CS. KUITIalIIOL0=
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Kumamoto U CMU CS

( How to forecast? g

Solution 3

n
Population I

growth

TS, . ki

-linear equations

Competition
t —
Information

diffusion
Zz—

Convection lg Time series gg

Epidemics

hi. LP./TWWW.CS. KUITIalIIOL0=
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{ | rart2 | Roadmap

5 4

Problem
« Why: “non-linear” modeling

—

Fundamentals

Applications

- Epidemics + » 3P

— Information diffusion ¥
B ’
- (Online) competition ' ! vs'@8
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Kumamoto U CMU CS

{ | rart2 | Roadmap

« Why: “non-linear” modeling

Fundamentals

5 4

3

* Logistic function

|

s

pd o | [0

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

* Lorenz equations, etc.

http://www.cs.kumamoto-
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Kumamo toU CMU CS

( Grey-box mining and g
non-linear equations

Information
diffusion l'ﬁ L* Population
Convection \—\/— ‘-—>/- growth

I\/\/ch <0> » 3P /7Competition
= e UC

ﬁ? ~ Big Time series g §§ V\

Epidemics
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Kumamo toU CMU CS

( Grey-box mining and g
non-linear equations

Information

diffusion
Convection \—\/&’—

T_)gt <Q> y,: Competition

ﬁ? » Big Time series g §§ V\

Epidemics

- | Population
growth
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( Logistic function &

So-called “Verhulst” model (=sigmoid, =Bass)

- Population expansion with limited resources

:
I ]
- "
B 4 L
< e o ol
; . <
N

Foods |
t=0 t=1 t=2

Image courtesy of amenic181 at FreeDigitalPhotos.net.

Species

e
> |
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( Logistic function Efi

So-called “Verhulst” model (=sigmoid, =Bass)

- Population expansion with limited resources

P: Population size 1
iP L

. (
— =nP(1 )
dt K
P - Initial condition (i.e., P(0) =p)
r — Growth rate, reproductively
K - Carrying capacity (=available resources)

http://www.cS.huiiauvwo- )
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Kumamoto U CMU CS

( Logistic function g

So-called “Verhulst” model (=sigmoid, =Bass)

- Popul
_____________________________ JK|
Y
.
P - Initial condition (i.e., P(0) =p)

r — Growth rate, reproductively
K - Carrying capacity (=available resources)
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mmmmm CMU CS

( Lotka-Volterra equations Eg

So-called “prey-predator” model

Prey H) Predator (P)

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

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

Image courtesy of Tina Phillips and amenic181 at FreeDigitalPhotos.net.

http //www.cs.kumamoto-
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Kumamoto U CMU CS

( Lotka-Volterra equations g

So-called “prey-predator” model

" =bHP — mP B
Prey (H) Ldt Predator (P)

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

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

Image courtesy of Tina Phillips and amenic181 at FreeDigitalPhotos.net.
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( Solution to the Efi

Lotka-Volterra equations.

Frequency Plot Phase Space Plot

o

Time {dimensionless)

m LT 1 PP -
%5 — - {
T T Predators(cheetal h ) i .. Y SREEL
g E . :;:,[ = P
p 120} O Ealf

"By g |-

Q-4 ée: 1 Q) 7;: 25
~ g &0 L - £ 20

> Q-

Q 20t :H: J:? e
G—

o
$*=

time

From Wikipedia
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Kumamoto U CMU CS

Extension: “Competitive” g

Lotka-Volterra equations
Competition between multiple (d) species

4 Squirrel Spider

L

'S monkeys monkeys Macaws Capybaras
g - | T
wn

L,

@

T

“Competition” in the Jungle

Image courtesy of Tina Phillips and amenic181 at FreeDigitalPhotos.net.
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y “Competitive” &
“  Lotka-Volterra equations

CMU CS

Competition between multiple (d) species

Population of species i

Population of ]

P,
dt

d Ry
2 j—1ijP;

P

K;
=1, d)

d;;): Interaction coefficient
i.e., effect rate of speciesjoni

http://www.cs.kumamoto-
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y “Competitive” &
“  Lotka-Volterra equations

Competition between multiple (d) species
Populal ]

A —

d;;): Interaction coefficient
i.e., effect rate of speciesjoni
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CMU CS

“Competitive” &

Lotka-Volterra equations
* Biological interaction

- - 0 : no effect
—Table: Type of interaction - detrimental
Species B + : beneficial
+ 0 _
T Mutualism

0 Commensalism Neutralism

Species A

Antagonism Amensalism Competition

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 30



Kumamo toU CMU CS

( Grey-box mining and g
non-linear equations

Information

diffusion L* Population
Convection \—\/&’— @ growth

/\/\/\/WV\kc “* » . Competition

-+ v Big Time series g §§ A
- Epidemics

http //www.cs.kumamoto-
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Kumamo toU CMU CS

( Epidemics: Susceptible- g
Infected (SI) model

Each node 1s 1n one of two states

- Susceptible (healthy)
- Infected

—————————————————————————————————————————————————

http://www.cs.kumamoto- )
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Kumamo toU CMU CS

( Epidemics: Susceptible- Eg
Infected (SI) model

Each node 1s 1n one of two states

@ - Susceptible (healthy)
. (1) - Infected

Susceptible

Time t=0

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 33



Kumamo toU CMU CS

( Epidemics: Susceptible- g
Infected (SI) model

Each node 1s 1n one of two states

@ - Susceptible (healthy)
. (1) - Infected

http://www.cs.kumamoto- )
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Kumamo toU CMU CS

( Epidemics: Susceptible- Eg
Infected (SI) model

Each node 1s 1n one of two states

Time t=0 i Time t=2

http://www.cs.kumamoto- )
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Kumamo toU CMU CS

( Epidemics: Susceptible- g
Infected (SI) model

Each node 1s 1n one of two states

b
dsS

- |= 7P N =5 + 1) L
dl B :Infection strength
—|=+B8S51

N :Population size

dl
j — = 0(N — 1)1
1.€,, dt 6( )

wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 36



yEpidemics: Susceptible- &
p Infected (SI) model

Each node 1s 1n one of two states

g L P

Logistic function

dP P

T e pP(] -

- PU- ) I :

SI model
qQ
477 T 1gth

dl
— = B(N = I)I

http://www.cs.kumamoto- )
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( Susceptible-Infected- &
Recovered (SIR) model

Recovered with immunity

@ — Susceptible (healthy)

E] — Infected

R | — Recovered (immune)

p : Infection rate

O : Recovery rate }]
RJ—75
http://www.cs.kumamoto-
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CMU CS

Susceptible-Infected- &

p Recovered (SIR) model
Recovered with immunity @ [D R

Z N nodes
(healthy)
t=0

http://www.cs.kumamoto- )
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CMU CS

Susceptible-Infected- g
p Recovered (SIR) model

Recovered with immunity E] R

y

»

infection

http://www.cs.kumamoto- )
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CMU CS

Susceptible-Infected- g
Recovered (SIR) model

Recovered with immunity R

Fortiont

Propagation

http //www.cs.kumamoto-
acjp/~yasuko/TALKS/17-kKDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 41



CMU CS

Susceptible-Infected- Eg

p Recovered (SIR) model

Recovered with immunity (1](R
B

i il B

=2
\ -
s O@B
Recovered —
(no more
#infection)

t=3

wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 42
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CMU CS

Susceptible-Infected- &
Recovered (SIR) model

Recovered with immunity

t=0 Recovered ;t= E ﬁt Zi
B

"

b

t=5 t=4
t=3
http //www.cs.kumamoto-
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CMU CS

Susceptible-Infected- &
p Recovered (SIR) model

Recovered with immunity

S| pBSI >0 o
- ool \ OO R(D)
. BSI ® 300
—7—51 S 200 I(t)
1007
LAy
at OO 50 100
Time t

S(t I(t R(t) =N
(¢) + 1(t) + R(1) p : Infection rate

O : Recovery rate
http://www.cs.kumamoto-
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CMU CS

Susceptible-Infected- &
p Recovered (SIR) model

Recovered with immunity
o>

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

250

200¢

I(t)150

100§

2007

1007

50

, 0 50 100
400 ¥ 600 Time t

0 200
Stable S(1)

p : Infection rate
O : Recovery rate
http://www.cs.kumamoto-

wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 45



CMU CS

Susceptible-Infected- &
p Recovered (SIR) model

Recovered with immunity
o>

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

250

200¢

I(t)150

100§

2007

1007

50

, 0 50 100
400 ¥ 600 Time t

0 200
Stable S(1)

p : Infection rate
O : Recovery rate
http://www.cs.kumamoto-
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( Other epidemic models &

Other virus propagation models (“VPM”)
— SIS : susceptible-infected-susceptible, flu-like

—SIRS : temporary immunity, like pertussis

—SEIR : mumps-like, with virus incubation
(E = Exposed)
- SEIR-birth/death: with birth/death rate
Underlying contact-network

— ‘who-can-infect-whom’

http://www.cs.kumamoto- )
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( Grey-box mining and g
non-linear equations

Information
diffusion l'ﬁ L* Population
Convection growth
Competition

g 3 §
/. Big Time series
=~ &

Epidemics
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( Other non-linear models E&

LORENZ: eqs. for atmospheric convection

dx * X:convective intensity
dt oy —x) * y: temperature difference
Ty between ascending and
I 513(,0 — Z) — Y descending currents
L * z: difference 1n vertical
% Ty — Bz t.empe.rature profile from
5 linearity

http://www.cs.kumamoto- )
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Kumamoto U CMU CS

( Other non-linear models g

LORENZ: eqs. for atmospheric convection

"LORENZ.DAT"

Butterfly effect

oz (chaos)
dt
Tl —2) vy ttractor
dt N 7 ;
— [y — bz W

t A ' }. | (

/ i\ 7 |
4 From Wikipedia
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€ Other non-linear models }%’;

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

* Van del Pol oscillator -/ 7 /|

: Limit—
* FitzHugh-Nagumo model | o )
. cycle
* An excitable system (e.g., aneuron) . -~

 Excitatory-inhibitory (EI) model | | | | |

* Neuronal oscillations 1n the visual cortex

» Epilepsy [Schust‘er-{j 90] A
: I

http://www.cs.kumamoto- )
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( Part2 | Roadmap

| Problem |

¢ Why: “non-linear” modeling

Fundamentals

¢ Non-linear (“gray-box”) models

Applications [: |

5 4

p——

— Information diffusion

— Online competition

http://www.cs.kumamoto- .
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos
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mmmmm CMU CS

( " Mining and forecasting of g
co-evolving epidemics

http //www.cs.kumamoto-
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Kumamo CMU CS

( Mining and forecasting of &
co-evolving epidemics

_ﬁ_ Future 7 5
S m—) ¢
S ]/\/VLNW >~ o

Time (years)

R Q. Can we forecast future
X epidemics? (&

http://www.cs.kumamoto-

+
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CMU CS

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

| CDC-reported
it ILI percentages
| == Model estimates

Google

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

ILI percentage

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 55



Kumamoto U

CMU CS

*

Real-time monitoring of
co-evolving epidemics

* Influenza (ILI) prediction using search

engme query data [Ginsberg+, Nature’09]

Data available as of 4 February 2008

5
2.5
0

- CDC-reported

5

N
o
L g

ILI percentages
— Model estimates

o o

ILI percentage

g
(5

o

Google

N
o »
L}

O>

40

23 a7 51 3 : P 15 19
Week
© 2017 Sakurai, Matsubara & Faloutsos 56
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Kumamoto U

Real-time monitoring of
co-evolving epidemics

CMU CS

*

* Influenza (ILI) prediction using search

5
2.5
0

5

g
o

ILI percentage
g
o o o o

http://www.cs.kumamoto-
u.ac.jp/~yasuko/TALKS/17-KDD-tut/

Data available as of 4 February 2008

engme query data [Ginsberg+, Nature’09]

L s — CDC-reported
Data ?va Iablefxs ofSMYarch 200? ILI percentages
_ — — Model estimates
RN Google
5 | but: cannot forecast
— _ future events
© 2017 Sakurai, Matsubara & Faloutsos 57



Kumamo toU CMU CS

( Epidemics - roadmap Ef';

= o) A. Non-linear (gray-box)

T + modeling!

Solutions w m

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

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

http://www.cs.kumamoto- )
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Kumamo toU CMU CS

( Epidemics - roadmap E&

=0 A. Non-linear (gray-box)

T + modeling!

Solutions W IK

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

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

http://www.cs.kumamoto- )
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( Recurrent epidemics: g
Outbreak or skip?

. . [Stone+ Nature’07]
* Time series of reported measles cases

Néw Yorkl

New York 20

1930 1935 1940 1945 1950 1955 1960

London

1950 1955 1960 1965
Year

http://www.cs.kumamoto- )
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Kumamoto U CMU CS

( Recurrent epidemics: Efi
Outbreak or skip?

. . [Stone+ Nature’07]
* Time series of reported measles cases

Néw Yorkl

= QOutbreak
/ Skip

New York 20

1930 1935 1940 1945 1950 1955 1960

London

Outbreék Ski
N\

1950 1955 1960 1965
Year
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Kumamoto U

( Recurrent epidemics: g
Outbreak or skip?

. . [Stone+ Nature’07]
* Time series of reported measles cases

Néw Yorkl

= QOutbreak
/ Skip

New York =z

1930 1935 1940 1945 1950 1955 1960

London

/A YR PRy |

Q. Outbreak vs. skip?

1950 1955 1960 1965
Year
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CMU CS

Recurrent epidemics: g
in?
Outbreak or skip?  Cov

* Conditions for predicting “outbreak vs. skip”

— SIR model with high/low seasons
Phase plane diagram (S vs. log(I))

Outbreak dynamics

min S l

Contact rate
B+ : high season
B - : low season

log(I(1))

Susceptible buildup

e

S(t)
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CMU CS

Recurrent epidemics: g
in?
Outbreak or skip?  Cov

* Conditions for predicting “outbreak vs. skip”

— SIR model with high/low seasons
Phase plane diagram (S vs. log(I))

Outbreak dynamics

— min S l I (t)
= j\
-
el i
S . |
- >
Time (t)
Susceptible buildup g TV VSTV O T

e

S(t)
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CMU CS

Recurrent epidemics: &
in?
Outbreak or skip?  Cov

* Conditions for predicting “outbreak vs. skip”

— SIR model with high/low seasons
Phase plane diagram (S vs. log(I))

Outbreak dynamics

min S l I(t)
: /\ SKip

Susceptible buildup

e

log(I(1))

S(t)
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CMU CS

Recurrent epidemics: &
in?
Outbreak or skip? = Cov

* Conditions for predicting “outbreak vs. skip”

— SIR model with high/low seasons
Phase plane diagram (S vs. log(I))

a 4 Outbreak
. minS — | — O“tbreak
E /\M
oY)
<
S tible build T] me

rl e Vv " A d>a e oo
—

S(1)
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CMU CS

Recurrent epidemics: &
in?
Outbreak or skip?  Cov

* Conditions for predicting “outbreak vs. skip”

— SIR model with high/low seasons

Phase plane diagram (S vs. log(1I Y. recover rate
p 5 (Sv &) u: birth/death rate
a4 Outbreak B,:infection rate
. minS €= | & ¥: time period
O < S —
% Threshold S,: “Outbreak vs. Skip”
5

Sy > SC=V+N HX
Sus ﬁO

if S < S there is a skip in the following year.

= epidemic

=~/
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Epidemics - roadmap

CMU CS

*

08 A. Non-linear (gray-box)

L

Solutions

modeling!

el L2

- Outbreak vs. Skips [Stone+ Nature’07] E
- Interaction between diseases [Rohani+ Nature’03]

- FUNNEL [Matsubara+ KDD’14]

http://www.cs.kumamoto-

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

Ecological interference g

between fatal diseases
Q. Any relationship (1.€., interaction)

between two different diseases
(e.g., measles vs. whooping cough)?
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Kumamo toU CMU CS

Ecological interference &

between fatal diseases
Q. Any relationship (1.€., interaction)

between two different diseases
(e.g., measles vs. whooping cough)?

A. Yes. There are “competing” diseases!

Whooping

Measles
cough

VS 'ﬁ'
http://www.cs.kumamoto-
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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

c d
80 1 ! 0, T T T T

w e -

£ 60} 3 30

)

T 40+ E, 20

> k-

§ 20 3 10
A

; 0 1 1 g 0 1

1904 1906 1908 _ 1910 1912 1914 1922
Time

e f
40
2 30T T T T T 1] 2 T T T T T T
- .- 30’— -~
) 10 H £ 0 |
—_ \ -
§ | § 104 b—
\ '
O | | L ! 1 Ol l ‘ |
1904 1906 1908 _. 1910 1912 1914 1922 1924 1926 .. 1928 1930 1932

Berlin Liverpool
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Kumamoto U CMU CS

( Ecological interference &
between fatal diseases

. [Rohani+ Nature'03]
Weekly case fatality reports for two diseases

— measles — Whooping cough

Birmingham Glasgow

|
[ Biennial |\, _;
904 1906 1908 . 1910 1912 1914 ) (Opposite)

Tim
30F ' !
a0 |- 30 1
o o cycles ~
AN 10 | b—
0f ‘ B S i IR T e ham

I | 1 1 ! 1 1
1904 1906 1908 _. 1910 1912 1914 1922 1924 1926 ... 1928 1930 1932

Berlin Liverpool

y deaths g
w
o

N 52 O ®
-0 O O O O
I

n
o
T —

Weekly deaths ©

Weekly deaths =«

Weekly deaths @
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CMU CS

Ecological interference

between fatal diseases
Extension of SIR model [Rohani+98]

Birth
A
Infection (2)
K \x
Susceptible (2) Susceptible (1)

\ —
http://www.cs.kumamoto-
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CMU CS

Ecological interference &

between fatal diseases
Extension of SIR model [Rohani+98]

k¢ Inf;
S ectj
S i 'on 2
&
& —A
Infection (2)
Recovered,

\ Recovered,
A

/ K
Susceptible (2) Susceptible (1)

e |
Infection (2)
N
Oféc . Immunity ,GQ
9 @) h . QJCJ
Recovered X

http://www.cs.kumamoto- 1&2 \Q
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CMU CS

Ecological interference

between fatal diseases

Equations for 3 disease model

1S ) [Rohani+ Nature’03]
=22 = UN(1-p) — pSsss

dt
6 — At )\ SSS(Inm*i“lfm + Iirr + Itrr)
[3 S
o—' 2(f )\ SSS(II{II{+11{11 + Irrr + Irir)
33(t)S
3t )\ 222 (Irrr + Irrr + Irrr + Iprr)
11 t)S
: (TT = () SS"(qurf'llm + Irrr + Iirr)
(lt ;\'
— (u+y)rrr
1l 3 S
: (;tnfr = - (! )N SRS(]IRR'*‘III{I + Iirr + Iirr)

— (+7)Rr
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Kumamo toU CMU CS

( Epidemics - roadmap E&

20 Non-linear (gray-box)

T + modeling!

Solutions w K

- E1. Outbreak vs. SKips [Stone+ Nature’07]

- E2. Interaction between diseases [Rohani+ Nature’03]
- E3. FUNNEL [Matsubara+ KDD’14]
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K‘"“(m” FUNNEL [Matsubara+ KDD’14] M ©
with a single epidemic g

e.g., Measles cases 1n the U.S.

Shocks,
e.g., 1941

1 |

) WMWWWLA_M__L .

1950 Year 1960 1970 1980
(Weekly)

Vaccine

periodicity
effect

http://www.cs.kumamoto-



K‘"“(m” FUNNEL [Matsubara+ KDD’14] :CMU c

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

Linear §

C Original
1)

People of 3 classes
* S : Susceptible

e I :Infected I(t)
e V : Vigilant/
- 930 1950 1970
vaccinated Year ~ Original

I(t)

Log ¢ o
e g,y SO TR

ey Ot :.s
ool -)‘..‘

1930 1950 1970
o Year
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Kumamo to U

FUNNE L [Matsubara+ KDD’14] CMU CS

with a single epidemic

With a single epidemic: Funnel-RE

St+1)= St)—BRe@)SEI(E) +V(¢) — 0(t)S(t)

I(t+1)|= I(t) + B)et)SE)I(t) — I(t)

ViE+1) = V(&) +8I(E) — V() +0()S(t) 3)
S(t) : susceptible £(1) B(1)
| (t) : Infected

V(t) : Vigilant

http://www.cs.kumamoto-

\%

/Vaccinated 7Y (@(f ) /E]
O
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Kumamo to U

FUNNEL [Matsubara+ KDD’14]
with a single epidemic

CMU CS

*

With a single epidemic: Funnel-RE

(yearly periodic func)

S(t+1=S(t) —{BE)et)SH)I(E) +V (t) — 0(t)S(t)

I(t+1)= I(t) HBE)e(t)S(t)I(t) — 81(¢)

Vit+ D= V(&) +06I{) —V(2) +0(t)S(2) 3)
B(¢) : strength of infection g(t) /g)(t)

B(t) = Bo - (1+P cos(Z’r( —I-P)))

http //www.cs.kumamoto-

(@m
P, = 52
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Kumamo to U

With a single epidemic: Funnel-RE

FUNNEL [Matsubara+ KDD’14] g}
with a single epidemic

0 : healing rate
O(tr) : disease reduction effect

a(t) = {

http://www.cs.kumamoto-

0
o

(t <tp)
(t > tg)

S+ 1= S(t)— B(t)e(t)S()I(t) +~yV(t) —|0()S(t)

I(t+1)|= I(t)+ B(t)e()SE)I(t) —|8l(t)

V(E+1) = V(&) +oIt) —yV(t) +0o(t)S(t) 3)
(1)

(7)

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

FUNNE L [Matsubara+ KDD’14] CMU CS

with a single epidemic

With a single epidemic: Funnel-RE

£(t) : temporal susceptible rate -
)/ <

http://www.cs.kumamoto-

SCrD= S - BEERSOIE) +1V(©) - 0DSE)
iD= I(t)+ BORDS®I) — 51(2)
Vit +1)= V(&) +6It) —4V(t) +0()S(t) 3)
A
e gy

o
H(t)}]
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Kum(m v FUNNE L [Matsubara+ KDD’14] M ©

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

+ tensor analysis v

http://www.cs.kumamoto- )
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Kumamoto U CMU CS

{ | rart2 | Roadmap

5 4

Problem
« Why: “non-linear” modeling

Fundamentals
¢/ Non-linear (grey-box) models

Applications

« Epidemics

— Online competition

http://www.cs.kumamoto- .
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Kumamo toU CMU CS

( Information diffusion &
in social networks

flickr: 4" delicious

(11 Tube,
twitter)

http://www.cs.kumamoto- )
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Kumamo toU CMU CS

( Information diffusion &
in social networks

flickr: 4" delicious

twitter)

R Q. How news/rumors
X spread in social media?

http://www.cs.kumamoto- )
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( News spread

in social media
MemeTracker [Leskovect+ KDD’09] € MemeTradcer

- Short phrases sourced from U.S. politics in 2008

“you can put lipstick on a plg " (# of mentions 1n blogs)
200 ‘ ‘ ‘ ‘ ‘ ‘

# of mentions
)
o

2‘0 4‘0 6‘0 - 80h 100 120 1;10 160
|me OUFS
(per hour 1 week)

“yes we can”

n

C

O

[=

(O]

E |

'S

* _ TN PN

20 40 60 80 100 120 140 160

http://www.cs.kumamoto- _ Time (hours)
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( News spread !g

in social media E
MemeTracker [Leskovect+ KDD’09] € MemeTradcer
- Short phrases sourced from U.S. politics in 2008

“you can put lipstick on a plg (# of mentions 1n blogs)
200

100

Breaking
news

#\ |Imentions

0

“yes we can”
100+

501

# of mentions

0720 40 60 80" ~=10Q_ 12014060

http://www.cs.kumamoto- _ Time (hours)
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( News spread
in social media
* Twitter (# of hashtags per hour)

CMU CS

*

Value

200 ‘ ‘ :
2000 « . »

o #assange #stevejobs
S 1001 | 1000¢ 1

PPN e D™ PN L 0

50

Time

(per hour, 1week)

* Google trend (# of queries per week)
“tsunami” (in 2005)

O 50 100 150 0 |
Time

(per hour, 1 week)

150

“harry potter" (2010 2011)

120

Value
(@]
o

0 10 20 30 40 50 60 0 20 40

100f f 100+ .
80/ .

I | 60/ .
40t .

20/ ‘ | | -

Time (weeks)

100

Time
(per week, 2 years)

(per week, 1 year)

http://www.cs.kumamoto-
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CMU CS

( News spread
in social media &

Q. How many patterns are there?

— Four classes on YouTube, etc. =

|
[Crane et al. PNAS’08] @.
¥

— S1x classes on Social media

[Yang et al. WSDM’11] '@
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wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 90




CMU CS

News spread &
in social media

Kumamoto U

[Crane et al. PNAS'08]

* The volume of Google searches

tsunami harry potter movie

— L
—_— -~ —_—

2005 Apr 2007 Jul 2007 Oct 2007

“Tsunami” “Harry potter movie”
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CMU CS

News spread E&
in social media

[Crane et al. PNAS'08]

* The volume of Google searches

Sudden peak & Symmetric
Rapid relaxation relaxation

A B

V tsunami harry potter movie /

—
— p— — e—

2005 Apr 2007 Jul 2007 Oct 2007
“Tsunami1” “Harry potter movie”
(Exogenous) (Endogenous)
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CMU CS

News spread &
in social media

Kumamoto U

[Crane et al. PNAS'08]

* Based on self-excited Hawkes Poisson process™

PO — s+ Y ot~ 1)

it <t

*[Hawkes+ 1974]
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CMU CS

News spread &
in social media

Kumamoto U

[Crane et al. PNAS'08]

* Based on self-excited Hawkes Poisson process™

dB(t
O Llsw+ 3 ot -1
it <t
Rate of Exogenous # of Decaying
spread of  /External Potential virus/news
infection/pr  source viewers strength
opagation

*[Hawkes+ 1974]
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CMU CS

News spread &
in social media

Kumamoto U

[Crane et al. PNAS'08]

* Based on self-excited Hawkes Poisson process™

dB(1)
S+ S ot — )
it <t
- “of Decaying
1 lal virus/news
b(t) ~ 140 (0<f<1) ers strength
opogoreroT (Power law)

*[Hawkes+ 1974]
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CMU CS

News spread
( in social media g

* Four classes on YonTuhe
Sub-Critical Critical

Peak Fraction, F

Kumamoto U

[Crane et al. PNAS'08]

> >
@© ©
© ©
@ @
a =%
w w |
= =
2 2
Time
Decay Exponent Decay Exponent
- 1+0 - 1-0

Peak Fraction, F

http://www.cs.kumamoto-
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Time

Views per day
Views per day

Exogenous Endogenous




CMU CS

News spread ‘( 'E

( in social media

® Four Classes on VﬂHT]]he [Crane et al. PNAS'08]

1
Aen—sc(t) ~ 77(1‘), _ Aen—c(t) ~ 129 "

(7, It - tcl
=
o > >
c : :
¢ 2

= =
.§ > > H||H||

1
~ Aex—c(t) & :

Lo Abare(t) (t . tc)1+9 . =5 C( ) (t — tc)1—9
(7, T+0 F -0
- Peak Fraction, F N Peak Fraction, F
K] gl
i @ | O
ans : I gl
v L
Ll
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CMU CS

News spread 2 g

( in social media

® Four Classes on VﬂHT]]he [Crane et al. PNAS'08]

1
[ harry potter movie A {t\ - n(t), I Aen—C (t) ~ It — tC |1—29 '
Harry /\ Potter
se] 1 IR
C 1 1
p LLl A () A — Ly Aex—c(t) & (=)

Peak Fraction, F

‘((\‘\- Bl5)
k Tsunami }

- —

Views per da

2005

.

MH I
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CMU CS

( News spread Efi
in social media

* Six classes of information diffusion
patterns on social media [Yang et al. WSDM’11]

. |
I 100 100 100 i
I |
1 ]
: 50 k ] 50 L 20 :
| I
: 0 0 0 :
! 0 50 100 0 50 100 0 50 100 |
I 100 100 100 i
| I
1 1
B J\k 50//L SOJL\ ’
I |
| 0 0 0 ]
! 0 50 100 0 50 100 0 50 100 !
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CMU CS

( News spread Efi
in social media
Q. How many patterns are there, after all?

A
2005 Apr 2007 Jul 2007 Oc 12007
100 100
50 k | 5ol | 5ol
o0 50 100 OO 50 100 0O 50 100
100 100 100
? k ) | 5°JLN
0 0 0
0 50 100 0 50 100 0 50 100

http:; ; whwvwresasurrarmor -
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CMU CS

News spread
in social media
A. Our answer is “ONE”!

‘A single non-linear model !
“SpikeM”

100! - o Original || 100! o QOriginal || 100! ® o QOriginal ||
! —— SpikeM —— SpikeM —— SpikeM
[0) ) [0)
= = =]
S g S
20 40 60 80 100 120 20 40 60 80 100 120 0% "40 60 80 100 120
Time Time Time
100} ) o Original || 100! o Original || 100! 2 o Original ||
\ — SpikeM — SpikeM ¢ — SpikeM
o (0] (0]
=) 2 2
S S 500 S
‘.-'; ‘ 7 0 ‘ ‘ ‘ : O _ Y | ‘
40 60 80 100 120 20 40 60 80 100 120 20 40 60 80 100 120
http:/ /W Time Time Time
© 2017 Sakurai, Matsubara & Faloutsos 101
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[Matsubara+ KDD’12]

Rise and Fall Patterns of
Information Diffusion:

Model and Implications

Yasuko Matsubara (Kyoto University), Qﬁ;
Yasushi Sakurai (NTT), g; NTT
B. Aditya Prakash (CMU),

O <
o i

NDED

Lei L1 (UCB), Christos Faloutsos (CMU)
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Kumamoto U CMU CS

( Rise and fall patterns g

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

1. periodicities

S W

# of mentions
o
o

o

20 40 60 80 100 120 140 160
Time (hours)
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Kumamoto U CMU CS

( Rise and fall patterns g

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

1. periodicities
2.avoid infinit
\w \ . IY

200

# of mentions
o
o

o

20 40 60 80 100 120 140 160
Time (hours)
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Kumamoto U CMU CS

( Rise and fall patterns g

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

1. periodicities 3.power-law fall
.avoid infinit
\\z av;l IIIl 1n1|y /

- N N B B S
—___ _--
—— --
-y
L

200

# of mentions
o
o

&

o
q

20 40 “66--._80 100 120 14Q__460""

Time (ROUTSYT
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Kumamoto U CMU CS

( Rise and fall patterns g

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

1. periodicities 3.power-law fall
.avoid infinit
\N\z avj)/l/ IIIl 1n1|y /

———— e
— -—
-y
-~

200

1001

# of mentions

&

20 40 “66--._80 100 120 14Q__460""

Time (ROUTSYT

SpikeM can capture behavior of real spikes
using few parameters
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y Main idea (details) g

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

Time n=0

Nodes (bloggers) consist of two states

Q — Un-informed of rumor

bt e — informed, and Blogged about rumor

u.aC.jp/~‘ SURU II10Is0 ] T 7 DD 7 07




y Main idea (details) ég

- 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

External shock

- Event happened attime 5,

R S, bloggers are informed, blog about news

u.aC.jp/~‘ SURU 1711010 © 7 IsD 1D cocy




y Main idea (details) g

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

- 3. Infection (word-of-mouth effects)

it R D

Time n=0 Time n=nb Time n=np+1

Infectiveness of a blog-post

/3 — Strength of infection (quality of news)

f(n) - Decay function (how infective a blog posting is)

u.a <P/ YOOURU [ TITOIsO ) T 7 IsD 1D ctouc




y Main idea (details) &

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

. _ news)
| Decay function:  f(n)=B*n"""
Linear scale Log scale
f(n)q fm)q
q N\ 15 )
3
‘ e
n n Time n=nb+1

Infectiveness of a blog-post

/3 — Strength of infection (quality of news)

f(n) - Decay function (how infective a blog posting is)

TS UINU7 I 7 DU ctoc

ht




CMU CS

y SpikeM-base (details)

Equations of SpikeM (base)

AB(n+1)=U(n)-i(AB(t)+S(t))-f(n+l—t)+8

Blogged t=ny,

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

Un-informed

N — Total population of available bloggers
p — Strength of infection/news

n,,S, — ExternalshockS§, atbirth (time 7, )
c - Background noise

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 111



y SpikeM - periodicity Ef';

Full equation of SpikeM

CMU CS

Blogged Periodicity |

Un-informed

AB(n+1)=p(n+1): U(n)-S(AB(t)+S(t))-f(n+1—t)+8

t=nb

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

Bloggers change their

activity over time
(e.g., daily, weekly, yearly)

12pm
Peak activity 3am

activity \ Low activity

AN

http://www.cs.kumamoto-

NI

Time n

wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 112
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y Model fitting (Details) Efi

* SpikeM consists of 7 parameters
6={N,p,n,,S,.c,P P}

Learning parameters
- (G1ven a real time sequence

X ={X(1),..X(n),...X(n,)}

- Minimize the error
(Levenberg-Marquardt (LM) fitting)

D(X,0)= ¥ (X(n)- AB(n))’

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 113



CMU CS

o Analysis ég

SpikeM matches reality

exponential rise and power-raw fall

rise fall
100} Y
S —— spikeM
S| 50} > Original

O A L ) n33ssesee)
30 40, 50 60 T70 80 90 100 110 120
ime

SpikeM vs. SI model (susceptible infected model)

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 114



CMU CS

Analysis g

rise f
100

S50

Reverse 0 30 40
X-axis X@

)
Linear-| =
log 10° |

®
=

©
>

Rise-part

SpikeM: exponential
SI model: exponential

Value

Log- \;xt,\
log

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 115



CMU CS

Analysis Eg

all
___SI _
E ——spikeM
= o Original
50 60 70 80 90 100 110 120
ime
Fall-part § | A\ lLinear-
. \ e e (@)
SpikeM: power law O, 05
. 0 20 40 60
SI model: exponential g G—ooamm
§ \\\ ‘-».;;:,‘?;W Log'
SpikeM matches reality 10| POWer law= N log
10 10

http://www.cs.kumamoto- ]
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 116



CMU CS

Q1-1 Explaining

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

100! o Original | 100} o Original | 100! ® o Original ||
— SpikeM — SpikeM — SpikeM
(o) o (o)
3 = =)
S 50 S 50/ S
O e §$ h 211) O (0 e CERE)
40 60 80 100 120 20 40 60 80 100 120
Time Time
100! o Original || 100! o Original || 100! 2 o Original
— SpikeM — SpikeM 7
(] () ()
= =) =)
S 50 $ 50 S
O ,,,,,, L L ‘ i) O L L L ! (!
20 40 60 80 100 120 20 40 60 80 100 120
Time

Time Time

* SpikeM can generate all patterns in K-SC

http://www.cs.kumamoto- )
© 2017 Sakurai, Matsubara & Faloutsos 117
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CMU CS

Kumamoto U

Q1-2 Matching

MemeTracker patterns
MemeTracker (memes 1n blogs) [Leskovec et al. KDD’09]

Linear scale

200 v : 400 i . 150 .
——AB(n) —AB(n) ——AB(n)
150} l - Original | 300! 0 o Original | ' °g ----Originali
g 100} ,i f(; 3 i
2% 1 g
500 | 5 i 100( :
o —— A VW._Q{_.« . MR- e I
S0 - 100 150 50 100 150
ime Time
. N =6259, beta*N=0.73 N 23529, beta*N=0.81 N =3234, beta®N=0.69
10 : 4 ’ : .
A B(n) 10 ' ——AB(n) —A B(n)
U(n) U(n) U(n)
8 o = Original - Original ) . Original
s 107} /%\ X ] . | et
> | .‘,_,_;/ 'h\?‘ B o _Q ‘( \“‘t\‘)«,’(’ o A
L " ¢ | Noise-robust |10
Log scale  Time Time o
fitting
SpikeM can fit various patterns in blog Outliers
http://www.cs.kumamoto- )
© 2017 Sakurai, Matsubara & Faloutsos 118
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Kumamoto U

Q1-3 Matching
Twitter data

Twitter data (hashtags)

CMU CS

Linear scale
. . . 1500 . 150
) —AB(n) | ——AB(n) —A B(n)
| & | Original)l | | |- Originaly | [ Original
100 1000t |l 100} |
3 Il 3 e b g
s | S S |
50 ‘§ 500+ 50} 9{ :."\‘.I
| | %/ )'
o 4 o i
: ; e e
50 100 150 50 100 150 50 100 150
Time Time Time
N =992, beta"N=1.41 . N =6475, beta*N=2.00 . N =1266, beta®™N=1.41
—aBn) 10 ’ 10 ——AB(n)
U(n) . —AB(n) U(n)
I U(n) s | L= Original
= T, Original 310715
> | N > [ %™ 2\
| X% o I K
10’ e 10°L ‘
10’ 10°
Log Scale Time Time Time
(a) #assange (b) #stevejobs (c) #arresteddevelopment

It can generate various patterns in social media

http://www.cs.kumamoto-
u.ac.jp/~yasuko/TALKS/17-KDD-tut/

© 2017 Sakurai, Matsubara & Faloutsos
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( Q1-4 Matching g
Google trend data

Volume of searches for queries on Google

. 1007 4 Original | | o 100}
2 | —— SpikeM 2
S sof | - S 50 |
0 _ ‘,‘~ .\x‘:tﬂn;“; P A s T e S P 0 S e O AT "\) E‘,"\L'-. atlant 1y
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- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 120



Kumamoto U CMU CS

( Q2 Tail-part forecasts &

- G1ven a first part of the spike
- forecast the tail part

N =5960, beta*N=0.7 N =3481, beta*N=1.2
= : : - : :
| —spikeM | —spikeM
| ---AR . ---AR
g 102_ H\ IJ"\‘. | —Original | g 102_ m.‘ —Original |
T ©
> >
o| | - 0 “ f\ ' : s g
10 /| | Ll . . - - 10 [| L _ .
0 50 100 150 0 50 100 150

Time (per hour) Time (per hour)

SpikeM can capture tail part (AR: fail)

http://www.cs.kumamoto- )
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Al. “What-if” forecasting

Forecast not only tail-part, but also rise-part!

CMU CS

80

150

(1) First spike (2) Release date (3) Two weeks before release
| < > <> |
| | |
November 19, 2010 | Lo
"Deathly Hallows part 1" | July 19, 2011
|
|
|

L
July 15, 2009
"Harry Potter and
the Half-Blood Prince"

200

250
Time (per week)

300

e.g., given (1) first spike,

(2) release date of two sequel movies
(3) access volume before the release date

http://www.cs.kumamoto-

u.ac.jp/~yasuko/TALKS/17-KDD-tut/

© 2017 Sakurai, Matsubara & Faloutsos
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CMU CS

Al. “What-if” forecasting g)

Forecast not only tail-part, but also rise-part!

(1) First spike (2) Release date (3) Two weeks before release
80 | ;(_I); ;(_); I
| | | |
November 19, 2010 o Lo
60k "Deathly Hallows part 1" 1 | July 19, 2011 -
o "Deathly: Haglllows part 2"
o \I\ | \
2 40r X o | -
g July 15, 2009 | .
"Harry Potter and : :
20F the Half-Blood Prince" : |
' |
|
0 — LRI
150 200 250 300

Time (per week)

SpikeM can forecast upcoming spikes!

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 123



CMU CS

A2. Outlier detection &

—Fitting result of “tsunami (Google trend)”

—in log-log scale

o - Another
10
: ~ Mar. 29 earthquake
Scientists puzzled _
no tsunami

Dec. 26 |
Worldmarks) | Ope year after

after quake

% tsunami _
> 10"} Dec. 26 annive\:sary_:/ Indian Ocean
Indian Ocean earthquake
earthquake
r . L = L L L 1 PR
10° 10’

Time (per week)

http://www.cs.kumamoto- )
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CMU CS

A3. Reverse engineering g

SpikeM provide an intuitive explanation

PDF of parameters over 1,000 memes/hashtags

B*N Ps
u_ 0.2 u_ 0.1
n_ 0.1 o_ 0.05

5000 10000 00 1 2 0 10 20

m (a) MemeTracker

B*N Ps

0.1
L
D 0. 2“ E 0.05i i J
0
m 5 : 1 2 O ) i
4

(b) Twitter
hup:77www.cs.kummarmuou o-

wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 125




CMU CS

A3. Reverse engineering &J

SpikeM provide an intuitive explanation

PDF of parameters over 1,000 memes/hashtags
| BN P

w 0.2 Observation 1

| Total population N is
almost same

N =1,000 ~ 2,000

hl.l.p:// VWVWVW.CS. KUITIdI11rou 0- .
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 126



CMU CS

A3. Reverse engineering &

SpikeM provide an intuitive explanation

Observation 2

Strength of
first burst
(news) is
BEN=10

o
—
o
N
o

feee o PDf DN
o ]
OL

X190 _(h) Twitter ________
http://www.cs.kumamoto-

wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 127



CMU CS

A3. Reverse engineering &

SpikeM provide an intuitive explanation

Observation 3
Daily periodicity
with phase shift P =0

Every meme has the same
periodicity without lag

(Twitter)
Daily periodicity with

more spread in P,
(i.e., Multiple time zone)

http://www.cs.kumamoto-

Nl R*N

0 memes/hashtags

wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 128



Kumamoto U

{ | rart2 | Roadmap

« Why: “non-linear” modeling

«
(2}

Fundamentals
¢/ Non-linear (grey-box) models

Applications

« Epidemics ,
¢/ Information diffusion "‘ vs. '

ttp://www.cs.kumamoto- .
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos



Kumamo to U

( Online competition
in social networks

flickr: 4" delicious

(11 Tube,
twitter)

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos
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Kumamo to U CMU CS

( Online competition &
in social networks

/.' amazon
x N

«  Q How can we describe
T “virtual competition”?

flickr: 4" delicious

twitter)

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 131



Kumamo toU CMU CS

( Online competition Efi
- roadmap

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

el L2

- 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.cs.kumamoto-
acjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 132



Kumamo toU CMU CS

( Online competition Efi
- roadmap

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

Solutions ﬂ!&ﬁ

- Winner-Takes-All [Prakash+ Www’12]

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

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

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 133



Kumamoto U CMU CS

( Competing contagions &

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

iPhone v Android Blu-ray v HD-DVD
Q. What happen when two viruses compete?

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 134
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( Competing contagions g

[Prakash+ WWW’12]
I

green: virus 1
red: virus 2

n

S

=S 60 r

D

(N

S 40 aVS-G
N -

O

H# 20

Oﬁ

0 50 100 150 200 250 300 350
Time
ASSUME: Virus 1 is stronger than Virus 2
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mmmmm CMU CS

( Competing contagions g

[Prakash+ WWW’12]
l e
green: virus 1
red: virus 2

Vs
S
.4: 60..
&)
2
S a0}
(-
o
+ 20 |
-7
Q—-ﬁ:’!

Q: What happens in the end?

http WwWw.cs.Kumamoto

acjp/~yasuko /TALK5/17 kpp-tut/  © 2017 Sakurai, Matsubara & Faloutsos 136



mmmmm CMU CS

( Competing contagions g

[Prakash+ WWW’12]
l e
green: virus 1
red: virus 2

%)
=
S 60}
&)
<
S 40
(-
- &
* 20 _
| - FFootprint @ Steady State
0 _.-—:.:—;’ Footprint @ Steady State

Q: What happens in the end?

http www.cs.Kumamoto
acjp/~yasuko /TALK5/17 kpD-tut/  © 2017 Sakurai, Matsubara & Faloutsos 137



Kumamoto U CMU CS

Answer:
( Winner-Takes-All! Efi

[Prakash+ WWW’12]
I

green: virus 1

red: virus 2 \ a
\

60 :
Winner!
40 | .

&

# of Infections

Die-out |

X

0 50 100 150 200 250 300 350
Time
ASSUME: Virus 1 is stronger than Virus 2
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Kumamo toU CMU CS

( A simple model g

[Prakash+ WWW’12]
* Modified flu-like (SIS) model

e Mutual Immunity (“pick one of the two”)

* Susceptible-Infected1-Infected2-Susceptible

Virus 1

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 139



Result: ~
( Winner-Takes-All g

[Prakash+ WWW’12]
Given this model, NS
and any graph, jf
the weaker virus always | . A
- I I ol
dles-out, Completely 0 50 100 ISToimzCoo 250 300 350

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)=A /8 -2 same as before!

http://www.cs.kumamoto- )
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( Real Examples of “WTA” &

[Prakash+ WWW’12]
|Google Search Trends data]
j | </

Search Percentage
Search Percentage

0 50 100 150 200 250 300 350 400 450 0 50 100 150 700 250 300 350 400 450
Time Time

Reddit v Digg Blu-Ray v HD-DVD
% reddit EEEEI &= [HDDvD

http:/ /WWW.co.mmmantion
wac.jp/~yasuko/TALKS /17 KDD-tut/ _ === rai, Matsubara & Faloutsos



Kumamo toU CMU CS

( Online competition Efi
in social networks

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

oe]  EOHORR

- Winner-Takes-All [prakash+ Www’12]

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

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

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 142
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( Interacting Viruses: g
Can Both Survive?

Real example of “co-existence™
|Google Search Trends data]

180

160 -

140 + o U
£ 120 - /‘/
5 100 # Hulu v Blockbuster
@) |
S 80 |
o
3 ool
N 60 N A\ "WV AR R AR

40 K1

K2
20 - / Hulu
) L// | | Blockbuster |
0 50 100 150 200 250

Time

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 143



CMU CS

( Interacting Viruses: g
Can Both Survive?

Real example of “co-existence™
|Google Search Trends data]

160
140
> 120 ¢
-.E n
S 100 Chrome v Firefox
2 m_\'\ﬁ---—--—-~.§§___‘”‘::_/
° 80 AN ” A\
= g
o} —1 1 )
@60 | ™ i
/_/,/ K1 \/
L /'- K2
40 - Firefox
20 ;/ T | | | | \Chrome | J
0O 20 40 60 80 100 120 140 160 180
Time

http://www.cs.kumamoto-
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€ Asimple model: S7 1S Efi
* Modified flu-like (SIS)

* Susceptible-Infected, . ,-Susceptible

e Interaction Factor ¢
— Full Mutual Immunity: ¢ =0

— Partial Mutual Immunity (competition): & <0

— Virus 1
LW
htt) \\-‘, kumamo to-

u.ac.jp/~yasuko/TALKS/17-KDD-tut/

© 2017 Sakurar™Matsubara & Faloutsos
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Kumamoto U

Question:
What happens in the end?

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

0.9 0.9 ¢ 0.9 ¢ >
— | = /,
5 o8 —5= o8 —
2 o7t 2 o7t 0.7
o o
£ 06 £ 06r T 06
= - -
2 o5t 2 o5t 2 o5t
S S S
g 04 | g 04 | g 04 |
L 034 L 03+t L 03¢
E E E
5 027 5 02r 5 02r
5 5 Ky 5 Ky
g 041 Ky g 01r K Qe 01r K
0 ‘ | | | Ko — | 0 ‘ ‘ ‘ ‘ L N2 ‘ 0 ‘ ‘ ‘ ‘ 1,2
0 100 200 300 400 500 600 700 800 20 40 60 80 100 120 140 20 40 60 80 100 120 140
Time Time Time

What about for 0 < ¢ <17
[s there a point at which both viruses

ASSUME: Virt _____can co-exist?

http://www.cs.kumamoto- )
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Kumamoto U

( Answer: Yes!
There is a phase transition

S s 08
© ©
2 2
[9) [e) 0.6
o o
-.6 —
c =
Re] .8 0.4
Ty K4 (Simulation) w
= 27 Ko (Simulation) = 027
s | iy » (Simulation) =
5 ' " x4 (Theory) —— 5
S ot e oo #p4ThEOI) e — B = g b = = = _—
0 1 I 1 11\’2 (Theory\) | I I I I I I K2 I |
0 P02 0.4 0.6 0.8 1 0 100 200 300 400 500 600 700 800
Ecritical Interaction Factor (g) Time

ASSUME: Virus 1 is stronger than Virus 2

http://www.cs.kumamoto- )
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Kumamoto U

( Answer: Yes!
There is a phase transition

Footprint (Fraction of Population)
o
N

Footprint (Fraction of Pdpulati

K4 (Simulation)
0.2 K, (Simulation)
0.1 iy » (Simulation)
' " x4 (Theory) ——
0 Kp gﬂeoryg —— '
i eory) —— _—
_01 : I 1\’2 y\ | I I I I I l1’2 I
0O { 0.2 0.4 0.6 0.8 1 20 40 60 80 100 120 140
Ecritical Interaction Factor (g) Time

ASSUME: Virus 1 is stronger than Virus 2
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( Answer: Yes!
There is a phase transition

= =
2 9o
© ks
> >
o (o}
o o
o a
© [ -
c [
2 e}
g o 5 .
I K4 (Simulation) y
= 02 K, (Simulation) =
S 01 i1 » (Simulation) =
5 : " x4 (Theory) —— 5
° 0 Ko (Theory) —— °
_0 1 I i1\’2 (Theory\) | I I I I l1’2 I |
0o | 02 0.4 0.6 0.8 1 0 50 100 150 200 250 300
Ecritical Interaction Factor (g) Time

ASSUME: Virus 1 is stronger than Virus 2
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Kl.lrn(oto u Resu1t : CMU CS

Viruses can Co-exist

Given this model and a fully connected
graph, there exists an €_,.,; such that
for € > £_.;.,, 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=N[( /0

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 150



Kumamo to U

( Online competition

in social networks

CMU CS

*

3 A. Non-linear (gray-box)

N

Solutions

modeling!

e L2

- Winner-Takes-All [Prakash+ Www’12]

- Co-existence of the two vIruses [Beutel+ KpD’12]

- The Web as a Jungle [Matsubarat Www’15]

http //www.cs.kumamoto-

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

151



[Matsubara+ WWW’15]

e Web as a Jungle:

Non-Linear Dynamical

Systems for Co-evolving
Online Activities

Yasuko Matsubara (Kumamoto University)

Yasushi Sakurai (Kumamoto University)

Christos Faloutsos (cMU) ( X“

http //www.cs.kumamoto-
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( Given: online user &

activities
e.g., Google search volumes for

Xbox, PlayStation, Wii, Android

—h
]

r,'

.iu “M L ]

2004 2006 2008 2010 2012 2014
Time (weekly)

Volume @ time
o
(@)

L\‘k
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( Given: online user &

activities
e.g., Google search volumes for

Xbox, PlayStation, Wii, Android
- |

Q. Any trends?

—h
]

Volume @ time
o
(@)

ﬂ\\vg

0 ;,iuu@mwm ~

2004 2006 2008 2010 2012 2014
Time (weekly)
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Kumamo toU CMU CS

( Given: online user &

activities
e.g., Google search volumes for

1. Exponential growth ¢ Android

Andr0|d

'Wii

1

Volume @ time
o
(@)

L\‘K

|
| A d MJ’L M

2004 2006 2008 2010 2012 2014
Time (weekly)
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CMU CS

( Given: online user &

activities
e.g., Google search volumes for

2. (Hidden) interaction droid
between keywords I

Android
|

." .‘ |
| Bt 'N@’\WM'N!‘ .

0 »,ium.ﬁm«m ﬁ‘ VR AT

2004 2006 2008 2010 2012 2014
Time (weekly)

Volume @ time
o
(@)
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( Given: online user Eg
activities

e.g., Google search volumes for

ion, Wii, Android

Black
Friday

3. Seasonality

r
\ ;Xmas
5] | T

» Vvacation
N --’..,,,,: r\‘ \

\ )‘ ‘
R
i ,

2004 2006 2008 2010 2012 2014
Time (weekly)

|

Volume @ tim
o
(@)
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( Given: online user g

activities
e.g., Google search volumes for

Xbox, PlayStation, Wii, Android

o 1] L1 |

Goal: find patterns and rules
“fully-automatically”

|l"'!'4‘*i‘ '
v Y m.~

200 2006 2008 2010 2012 2014
Time (weekly)
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( Problem definition

CMU CS

%

Given: Co-evolving online activities

X (activity x time) dI X

>n

Find: Compact description of X
EcoWeb

-

P r K

N

A W B\
1w

= o3
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4 Problem definition g.
ﬂ“en: Co-evOl [nteraction/ gyifies
on-linear [ competition [ geasonality
evolution [ .
2 |
L)

Wl S

*I

P r

=
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( Problem definition g

Given: Co NO magic numbers ! >
X (¢ + X

—> 1N

Find: Comp

Parameter-free! _—
Jof B g

N\ J
http://www.cs.kumamoto-
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Kumamo to U

( Modeling power of

EcoWeb

Xbox, PlayStation,
Wii, Android

P Fitting result - RMSE=0.058817
1 X2 .' r Y
x3
o 0.8} x4 i
: Ll | o Wi
® 0.6} \ N .
® .| Station
§ 04} | |
> 0.2 Android

g .
(L] w
0

S e wme me w: = |nteraction
EcoWeb-Fit network
S (latent)
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CMU CS

( Modeling power of
EcoWeb

Wil vs. Android!

Fitting result - RMSE= O@\
il \ :
Play
‘ Keyword Station

—» otrength of | |nteraction
interaction network

(latent)

Volume @ time
o (@] o o
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CMU CS

( Modeling power of
EcoWeb

B (k=1) Christmas

— | v
Black Friday ¢

E3
Summer
vacation

v

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component
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Kumamo to U

( Modeling power of

FcoWeb

E3: Electronic | OChristmas
Entertainment | _ X
Expo (June) v |

CMU CS

Summer
vacation

v

Jén Mér Méy Ju Sép Nbv
Time (weeks)

EcoWeb: seasonal component
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CMU CS

( Modeling power of
EcoWeb

Summer pBmas
vacation

Jén Mér Méy Jﬁl Sép Nbv
Time (weeks)

EcoWeb: seasonal component
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CMU CS

( Modeling power of
EcoWeb

B (k=1) Christmas
.l Y
Black Friday |
(November)
g l vacation
0| v

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component
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( Modeling power of
EcoWeb

_ istmas
Christmas
0.4
0 E3
T 02 l Summer
> .
vacation
0. v

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component
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( Problem definition

CMU CS

%

X (activity x time)

Given: Co-evolving online activities

X

-> N

g
of X

EcoWeb

Find: Compact description
(P r K
X =
" G1
_

A W B\
1w

@ @
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Kumamoto U CMU CS

( EcoWeb: Main idea &

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

/er A \%Y B\

o I

= 3

N

A. The Web as a jungle!

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

Squirrel Spider
monkeys monkeys Macaws Capybaras

r ——

cosystem
n the

M ' Fruits | eb

Ecosystem Xbox PlayStation wii Android
in the

Jungle
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Kumamoto U CMU CS

( Ecosystem on the Web ’p,
Biological pemes o Online

species W' activities
Food 34 User
resources = 0 resources

Population m 0 - Popularity
Climate/ % A(nnual even?s
season OI (e.g., Xmas

Jungle Web

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

( EcoWeb: Main idea Efi

Q. How can we describe the evo.

Non-linear
evolution

el

A. Webéga

http //www.cs.kumamoto-

| Interaction /
competition

VS

N

utions of X ?

JuW
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( G1: EcoWeb-individual &

Popularity size increases over time

g
on
c
=)
| Species
attract
g wi
K d "' .
eywordasygsers "
t=0 t=2
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y G1: EcoWeb-individual &

Non-linear evolution of a single keyword

TL_
Popularity size

P T 1= P [14—7“(1 P(t))],

K

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

r — Growth rate, attractiveness

K - Carrying capacity (=available user
resources)
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y G1: EcoWeb-individual g

Non-linear evolution of a single keyword

— s E—

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

r — Growth rate, attractiveness

K - Carrying capacity (=available user
resources)
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EcoWeb: Main idea Eg

Q. How can we describe the evolutions of X ?

Non-linear
evolution

i

A. Webé&jung .

wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos
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( G2: EcoWeb-interaction g

Interaction between multiple keywords

Species Keywords

resources resources
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yGZ: EcoWeb-interaction g

Interaction between multiple keywords
Popularity of keyword i Popularity of j

Pyt + 1) =[P(D)]| 1 + 7 (1_23._1;?133@)) ,

d;; - Interaction coefficient
- 1.e,, effect rate of keyword j on i
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yGZ: EcoWeb-interaction E&

Interaction between multiple keywords

Populaﬂ f ]

a; . >0 1 J

P, (t +

X

d;; - Interaction coefficient
- 1.e,, effect rate of keyword j on i
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CMU CS

EcoWeb: Main idea Eg

Q. How can we describe the evolutions of X ?

Non-linear
evolution

i

A. Web a

http://www.cs.kumamoto-
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jungl /
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( G3: EcoWeb-seasonality g

“Hidden” seasonal activities

B A

a1} Walmart
vA g
E3

Season/ Seasonal
Climate events
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mmmmm CMU CS

( G3: EcoWeb-seasonality &

“Hidden” seasonal activities

- amazon

. Users change their behavior >
E according to seasonal events!

5 A || z

mate |

‘ events |
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G3: EcoWeb-seasonality Efi

“Hidden” seasonal activities

\)

Estimated volume of keyword i

\
Ci(t)|= Pi(t) [L +es()] (i=1,---,d),

~ f(i,t|W,B) = Zwijbj () (r=[t mod ny))

\ Seasonal activities of i
w - Participation (weight) matrix
B - Seasonality matrix
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yG.’:z EcoWeb-seasonality g

“Hidden” seasonal activities
Estimated volume of keyword i

\
Ci(1)|=|Pi(t)|[L+]e. (i=1,---,d),
17/\#; W R) = N > a L
C: volume < | P:latent popularity
p— 1.0
05 ey fo
= _ ®06
o0 0| gos
§°'2 | , VLY t =02 y T
00 0 200 0 50 Y %% 10 20 30 40 500
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yG.’: EcoWeb-seasonality g

“Hidden” seasonal activities

Estimated volume of keyword.i .
) E: seasonality

Ci(t)|=|Pi(t)

17/\#; AW R = S

~ [ 1
C: volume < | P:latent popularity
— 1.0
» €3 £os
©06 : .
O 10| Eo4
30 So2|
§g;_ ™ W Ly % 0w w0 @0 5
0 100 200 300 400 500
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CMU CS

G3: EcoWeb-seasonality Efi

“Hidden” seasonal activities

\)

Estimated volume of keyword i

\
Ci() =P @) [L +He()] (E=1,--,d),

~ f(i,t|W,B) = Zwijbj () (r=[t mod ny))

\ Seasonal activities of keyword i
w - Participation (weight) matrix
p g
B - Seasonality matrix
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yG.’:: EcoWeb-seasonality &

CMU CS

E: seasonality

n

W

dI

k

B

x [«

n

p

,

N

/Ez

~ f(i,t|W,B) = Z’U)ijbj(T) (r=[t mod ny))

\ Seasonal activities of keyword i

w - Participation (weight) matrix
B - Seasonality matrix
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Kumamo toU CMU CS

( EcoWeb: Main idea &

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

4 )

P r K A w B
B
S )
Full parameters [ j

N

>

S = {p,r, K|AW,B
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Kumamoto U

( Algorithms Eg

) ¥

Idea (1) : Seasonal component analysis

(02. How can we efficiently estimate

Q1. How can we automatically

find ““seasonal components” ?

full-parameters? (» » x Ao w B
- gai g e
)

/

Idea (2): Multi-step fitting

wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos
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( Idea (1): Seasonal }E
component analysis :

Q1. How can we automatically

find “k-seasonal components™ ? mn

EcoWeb

- ﬁﬂﬁ.lk}w o
> X
B Ioptk=?

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

http //www.cs.kumamoto-
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( Idea (1): Seasonal
component analysis

Q1. How can we automati ”
: Y
petails @ P orrents” ? LY

T ICA MDL

Data (X) Ideal model (M)

Idea (1) : T~ ™
a. Seasonal component detection
b. Automatic component analysis
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( Idea (1): Seasonal g

component analysis

Idea(1-a) Seasonal component detection

E d=2

NMJ\ Time (1,...n)

>
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( Idea (1): Seasonal g

component analysis

Idea(1-a) Seasonal component detection
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( Idea (1): Seasonal Efi

component analysis

Idea(1-a) Seasonal component detection

"""""" 1 A
1 1

Independent
components
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wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 195



( Idea (1): Seasonal Efi

component analysis

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

d: dimension

E: seasonality W B <J MB
— X k[
A~ ) Aok,
k

opt k=7
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( Idea (1): Seasonal &

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

===CostM
===C0ostC
CostT

min (|Costy(5) [+ |Cost (X]5)|)

Model cost Coding cost

Good N Good
compression (R4 description
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( Idea (1): Seasonal g

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

===CostM
===C0ostC

[}

Costr(X;S) =log™ (d) + log™(n) + Costry (p,r, K)
+Costa(A) + Costayr (k, W,B) 4+ Costc (X |S)

kopt = arg min Costr(X;S)
k

Good N Good
compression (R4 description
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( Idea (1): Seasonal Eg

component analysis

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

d: dimension

Cost(l) $$ Cost(Z) $ Cost(3) $$$
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( Idea (1): Seasonal g

component analysis

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

Optimal k

Cost(1)=%$$  Cost(2)=$ Cost(3) = $$$
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( Idea (2): EcoWeb-Fit ég
Q2. How can we efficiently estimate
model parameters ? EcoWeb
@ A W B
= 0
. )
Idea (2): Multi-step fitting
a. StepKit (sub)
b. EcoWeb-Fit (full)

http://www.cs.kumamoto- )
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( Idea (2): EcoWeb-Fit &

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

A \u4 B

/
Step A A o
X
Jif &

Step B

,

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

e.g., 4 keywords: @@GQ

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

EcoWeb-Fit updates parameters, separately

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

( Experiments g

We answer the following questions...

Q1. Effectiveness

How successful 1s it 1n spotting patterns?

Q2. Accuracy

How well does 1t match the data?

Q3. Scalability

How does it scale in terms of computational time?
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CMU CS

( Q1. Effectiveness
(#1) Video games ||| ==
| G3_
Interactlons
[~ Fitting result - RMSE=0. 058817 between keyWO rdS
1+ X2| .
3 PlayStatlon An dr01 d
gosr x4 } ~Wii
® 06
£ 04}
S
Play ;
sk S d add A S¥ T "1  Station Wii
2004 2006 2008 2010 2012 2014
Time (weekly) Android
N © 2017 Sakurai, Matsubara & Faloutsos 205
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(#1) Video games

—

o

Volume @ time
o

o
oo

Ql. Effectlveness

CMU CS

2004

http://www.cs.kumamoto-
u.ac.jp/~yasuko/TALKS/17-KDD-tut/

Fitting result - RMSE-O 058817 Seaso n a l] ty

' B (k=1) Christmas

PlayStation v
y Wii Andrmd g *Y Black Friday | |
. vy |

|2 | E3 I—",. '

T 0.2 " Summer |

. | vacation |

w m-. - h .
¢ N H M
, / LWT AW | \ !
V. Ve A :‘ O ‘
W v
g 3 O

2010 2012 2014

2008
Time (weekly)

2006
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CMU CS

( Q1. Effectiveness g

, Interactions
(#2) Programming language
C, R, MATLAB

Fitting result - RMSE=0.076417
1y “—x1 -
b | X2 §
qé 08 ,»":ﬁ‘- X3 B "‘ ‘ 1
g a4 8 ¢ d LW o W am 1
@ 0.6 "‘ ‘,‘. | k h l ‘ }‘ {3 I"""';. I\ ’ ‘ i Seasonal]ty
(O] ] | S AN
1 i ~ ' A I 1N .
Soaf THNTLAM Nt ‘ﬁi i -,9*‘- i '“ | B(1x52) , k=1 Christmas
YW YOI : ; - - - -
> i \ Y \
0.2} . & AR L | '} &.‘A»; Ij ., Summer S~ 1
2004 2006 2008 2010 2012 2014 [ A
Time (weekly) _ March N
| break
Jan Mar May Jul Sep Nov
http: .cs.k -
pi/ s kamamoto © 2017 Sakurai, Matsubara & Faloutsos 207
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( Q1. Effectiveness g

(#3) Social media Interactions
Tumblr , Facebook , LinkedIn

Fitting result - RMSE=0.039536

Seasonality
B(1 x52) , k=1

b1

Time (weekly) M Chnstmas

Jan Mar May Jul Sep Nov
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CMU CS

( Q1. Effectiveness g

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

Fitting result - RMSE=0.074104

1t
."g’ 0.8¢
® 0.6f
0 B(1x52) , k=1
=) 04 B | : O T |.'u“
= & b1 Backto [\
0.2 . |
§01 0 school T
0- R ,"M 1 1 J ' i “
2004 2006 2008 2010 2012 2014 || ~ Black
Time (weekly) | o N Frlday'
Jan Mar May JuI Sep Nov
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( Q1. Effectiveness Eg

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

Fitting result - RMSE=0.065173 Interaction

»9%e
®e®

—
x
—_

(o3

o o o
(o))

Volume @ time
&

O
no

o= i , , , L
2004 2006 2008 2010 2012 2014
Time (weekly)
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( Q1. Effectiveness &

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

Fitting result - RMSE=0.065173 Seasonality
1 i
B(2 X 52) 123
208 ) Memorlal DayABIacek Friday
% 0.6 b2 i Labor Day
§ 04} 0.2 l
S
0.2| / O
of had | | 09 __4th of July
2004 2006 2008 2010 2012 . jan Mar May Jul Sep Nov
Time (weekly)

itp://www.cs kumamoto- © 2017 Sakurai, Matsubara & Faloutsos 211

u.ac.jp/~yasuko/TALKS/17-KDD-tut/



Kumamoto U CMU CS

( Q2. Accuracy &

RMSE between original and fitted volume

(Lower is better)

0.2
. B EcoWeb-Fit
L B EcoWeb-Plain
S 0.15¢ . JAY;
o
S
o)
O
-
£
L

#1 #2 #3 #4 #5
Data ID

EcoWeb consistently wins!
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4 Q3. Scalability %%

Wall clock time vs. dataset size (years)
EcoWeb-Fit scales lmearly, i.e., O(n)

— EcoWeb Fit o
§15000  Ecoweb-Plain
Y LV
E 1000} 0
-
O _
o b
© . e O
; b
e
5 6 7 8 9 10

Datasize (years)

7x faster than L.V, 20x faster than EcoWeb-Plain
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EcoWeb at work - &

forecasting
Forecasting future activities

Train: Forecast:
2/3 sequences 1/3 following years

Original sequences

| ;
WL, M' R
2004 2006 2008 2010 2012 2014
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EcoWeb at work - &

forecasting
Forecasting future activities

Train: Forecast:
2/3 sequences 1/3 following years

EcoWeb ‘

L]
; |
‘I A

1

I 1
I , \ i . :
. n A .
>l A J«vﬁj“;‘ﬁ% | ﬂ
Owlfiva*\”iq\;’ﬁ W \J\JJ \/d*l?‘l"\; NAN
2004 2006 2008 2010 2012 2014
EcoWeb can capture future patterns
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EcoWeb at work - &

forecasting
Forecasting future activities

EcoWeb

AR
T
, | l "
l oo ~
0.5| | .{ é -
1 J’ Hﬁ Ml,h“"*’ll‘f{ ‘mzﬂ ?..,n
H’ \; Aot “w x ™y

Hos 2006 2008 2010 2012 2014
EcoWeb can capture future patterns!
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EcoWeb at work -

forecasting

Forecasting future activities
EcoWeb EcoWeb

I]

A | \ ' h |

fo i fing Mw o it K NUNL Y |
, I !\ Hrlw fr 41 " el 41V ¥] O | q\ .Mﬁ 1INy &,.
‘l i [J" i MK& “wv‘wy[\,, \tﬂ‘ w * th\ ol,( lll M”rﬂ,'hf\ rl\li, ;,[\ m k}‘ry\)%h“wm MW

o |"1LI| )

“{"N ‘] J“\)'V

0.5¢ T q?\‘ f [y ¥ fl'J l" ‘f' i k‘t‘ n | 1 0.5(] ',“ " 4
o 1‘,’ P 1 'ﬁfl”"% AR 'Lkﬁ:‘m""l’:slltf?, ‘m wf‘w S
‘“‘"\U ' i 723,,«11& “ )
2%04 2006 2008 2010 2012 2014 2%04 2006 2008 2010 2012 2014
(b) Programming languages (#2) (¢) Apparel companies (#4)

EcoWeb can capture future patterns!
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( Part2 | Roadmap

Problem
¢ Why: “non-linear” modeling

«
(2}

Fundamentals
¢/ Non-linear (grey-box) models

« Epidemics +
¢/ Information diffusion .
¢ Online competition "' vs. '

http //www.cs.kumamoto-
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*

Kumamoto U

( Part2 | Roadmap

¢ Why: “non-linear” modeling

Extension:
Non-linear modeling for data streams

¢ Information diffusion ’
¢ Online competition "' vs. '

http://www.cs.kumamoto-
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CMU CS

( Big time-series data streams g

Social/natural phenomena

i

cllmate
G <., » 3P
t ¥ Web

aoo

0/7

Physical sensors

http //www.cs.kumamoto-

1 Blg Data é\j §§s

—>
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( Big time-series data streams &

Social/natural phenomena

G climate
Motion sensors

L/R legs

L/R arms

~
PhySice.<<riSOrs

Fidemic

’
3 -
' a
& )
S N
N
v

http://www.cs.kumamoto-
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CMU CS

( Big time-series data streams g

Social/natural phenomena

climate

&

Go gle

Time

\

Physic Se DL

Onllne act1v1t1es omy

Amazon P

| Netflix

YouTube

- - ! Hulu
’004 2007 2010 2013 2016

e

Fidemic

U\,

r
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( Big time-series data streams Ecﬁm

Social/natural phenomena

E— y

(R
| %M?

004 2007 2010 2013 2016 J

Time
]

Q. Can we forecast future events?
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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-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos



Kumamo toU CMU CS

( Big time-series data Efi
streams
* Given:

X = {x(1),x(2), .., x(t,), ..} Google

Co-evolving event stream

nnn

* Goal:
Forecast / -steps-ahead - [

future events, X | 6 ?

at any point in time Forecact

http://www.cs.kumamoto- )
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( Overview

What is “Real-time forecasting”?

[;~steps
(a) [ -steps-ahead forecasting E—
Long-term X @ 5
Continuous

(b) Adaptive non-linear modeling
Non-linear

Adaptive

http://www.cs.kumamoto- )
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( (a) /-steps-ahead g
forecasting
Long-term |: Predict / -steps ahead events

Continuous | . Capture dynamic patterns
Arrived Future
events events [,-steps
x VTV, ahead
events
| o
— |

S
http://www.cs.kumamoto- )
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( (b) Adaptive non-linear g
modeling
Non-linear |: Non-linear dynamical systems

Adaptive |: Regime shifts (ecosystems)

2 <

NLDSs Woodlands Grasslands

IR3ee /v eskandanoss-FreeDigitalPhotos. net.
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 298




Proposed model

Main 1deas

Latent non-linear dynamics

P2

P3

http://www.cs.kumamoto- )
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Falouts

Regime shifts in streams

CMU CS

] %

Nested structure .s06

OOO

I
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( Latent non-linear dynamics _P&'

Various patterns (“‘regimes”) 1n streams

walking stretching (right)

ff Wk

http //www.cs.kumamoto-
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( Regime shifts in streams |ﬂ6£

Various patterns (“‘regimes”) 1n streams
walking stretching (Ieft) (both)

|
‘ AP
fA,Ay‘f‘,lA ‘ AUN A-d ) ' ' 'V \x W34
nesnzasenel ANARAGA
500 1000 1 500 2000
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( Regime shifts in streams %

Various patterns (“‘regimes”) 1n streams
walking stretching (left) (both)
|

http: /s
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( Regime shifts in streams %

Various patterns (“regimes”) 1n streams
walking stretching (left) (both)

A%‘A“« ‘Q*"""V

\J
’»\’V

f"‘,Aq ANV NLE N A<
W A S VA I |
2000
/‘xﬂ ' | Regime #2 |,

Regime #1
“Walk” “Stretch”

http:
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( Regime shifts in natural
systems

Abrupt changes 1n the structure of complex systems

P2

[ .2 l& Foay

X

Examples:

« Woodland vs. grassland
e Coral vs. macro algae
* Desert vs. vegetation

Woodlands Grasslands
Ecological system

IRaee/aavibeskandanoss-FreeDigitalPhotos. net.
wacjp/~yasuko/TALKS/17-KDD-tut/; ~ © 2017 Sakurai, Matsubara & Faloutsos 234
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( Regime shifts in event
streams

Abrupt changes 1n the structure of complex systems

P2

Woodlands Grasslands  Walking Wiping
Ecological system Motion sensors

e/ aaniteskamdanogs-FreeDigitalPhotos. net.
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4 Nested structure EGE

Nested, multi-scale dynamical activities

beaks wings tail feathers Iaps
Chicken

dance

Original events
YD :Long-term
+

X . short-term

http://www.cs.kumamoto- )
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4 Nested structure EGE

Nested, multi-scale dynamical activities

beaks wings tail feathers  claps

---- Chicken

dance

_ v (2)
X, =X"%X

f“ﬁﬁ@(j@y\n@@ Tai} feathers =

\J==s»bending knees, once

+
2) |
X vaﬁ%%WﬁW%% moving arms, quickly

http://www.cs.kumamoto- )
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*

Forecast window V.

Kumamoto U

* RegimeSnap

Problem definition

Current window X -

> > 7
LTINS T EE Event stream X
T aa e Estimated events V_

Time 1, I, t1,
: > >
Arrived events - Future (unknown) events
http://www.cs.kumamoto- )
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( Problem definition Efi
* RegimeSnap

Current window X -

Forecast window V.

< <
WEaNy Given:
T Current window X
(original events)
Time . —
Arrived events . Future (unknown) events

http://www.cs.kumamoto- )
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( Problem definition g

* RegimeSnap )
| Find:
Current window | Fetimated events V.

< >

LTINS NG T EE Event stream X

RPN 2N > = Estimated events V_
Time [, I, tt,
. > >
Arrived events - Future (unknown) events

http://www.cs.kumamoto- )
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Problem definition &

* RegimeSnap
Current window

> >

7\

[ /
N - 7N\ /v_ =

~ -

—

S —
—
—

e ~
= ~
\— L

[~
—

Time [, [. Lt
>

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

== Event stream X
= Estimated events V.

V.

Arrived events

http://www.cs.kumamoto-

Future (unknown) events
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{ Streaming algor< " %

X sk
* Proposed algorithms ,_6_6_@

| A1 | RegimeCast

Report [.-steps-ahead future events

— A2 | RegimeReader

ldentify current regime dynamics

— A3 | RegimeEstimator

Estimates regime parameter set 6

http://www.cs.kumamoto- )
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{

RegimeCast

CMU CS

%

Event stream X

Time —> tc

Xc Report
o T VF
jé Forecast
‘g § : window
5 =5 <~ Regime
1 2 Reader
@(2)
‘M @3 Regime e R
N [Estiﬁmtor |+ i€
(1) (2)
http://www.cs.kumamoto- )
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( RegimeCast

CMU CS

Event stream X

Time — 1

M
G
X,

Step1: Extract
current window

http //www.cs.kumamoto-
acjp/~yasuko/TALKS/17-kKDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos
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Step2: Find
optimal regimes

http://www.cs.kumamoto- )
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Step3: (optional)
Estimate/insert
new regime 6

Insert new
regime 6

Estimator

http://www.cs.kumamoto- )
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Step4.
Estimate
future events

Estimated L+ (A M V.

local events: yo yo —

http://www.cs.kumamoto- )
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Stepb:
Report
future events
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{

RegimeCast

CMU CS

%

Event stream X

Time —> tc

Xc Report
o T VF
jé Forecast
‘g § : window
5 =5 <~ Regime
1 2 Reader
@(2)
‘M @3 Regime e R
N [Estiﬁmtor |+ i€
(1) (2)
http://www.cs.kumamoto- )
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( Forecasting power of g
RegimeCast

Real-time forecastlng over data streams

Original _ _-i.-*“'.f”f‘lf*’;:-“';‘".*‘ AT il ‘;w I
1 ﬂUO 20100 30100 4030 5000 -
Forecasted sequences
S P .
Forecast | °[ |f 'ﬁl :
re TN 1 1 1 1 -
1000 2000 3000 4000 S000
( 1 OO'StepS Real-time forecasting : t=800
-ahead)
Snap-Shot
(Current
window)

http://www.cs.kumamoto-
u.ac.jp/~yasuko/TALKS/17-KDD-tut/
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( Forecasting power of Eg
RegimeCast

Real-time forecasting over data streams

2 1]
Original | oh:s T T UM R
L2 LMW ' , S , l \ i
o 3000
Arrived scasted sequencel  FUtUIrE
' events events
0k
Forecast o N S / 1
(100-steps | i
-ahead) |
Snap-Shot
(Current
window) | |
http://www.cs.kumamoto- | 600 700 800 800 1000

u.ac.jp/~yasuko/TALKS/17-KDD-tut/ aKural, Matsubara aloutsos
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( Forecasting power of "‘
RegimeCast i

Real-time forecasting over dai

2H 1)L

[ [ | [’ I
Original | ° tkgﬁ--'%
1T

22 LM . | | \
o 3000 p——
Ar N Ved recasted sequence u t ure
2_ T
events n
Forecast | °f ~ events
2t ] llI L‘I \ / 1 / 1
(100-steps :
-ahead) |

Snap-Shot | 't &/ '\A v,
0 \ e -
(Current 5 3 .

window)

http://www.cs.kumamoto- 600 ___700 800 S00 1000
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( Forecasting power of &
RegimeCast

Real-time forecasting over data streams

Original
Forecast
2000
( 1 OO'StepS Real-time forecasting : =58
-ahead) 2| e
1k
Snap-Shot || |
—
(Current f
. 2F N ., . .
W] ndow) 2510 350 400 450 500 550

http://www.cs.kumamoto- _ -
wacjp/~yasuko/TALKS/17-KDD-tut/ ~ © 2017 Sakurai, Matsubara & Faloutsos 253



Kumamoto U

Q1. Effective —

CMU CS

L (100-120)-
(44 * 29 1T
XErcise steps ahead
walking stretching (left) _(both) 0"9'”3' data(nght) (left) (both) walking Original
N AT N x Tl A4 R A AANANAR A A "NAANN AR - Tn WL
-2 \J\W WA | ] ] ] (v | VARAY
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
, Time
> Forecasted variables Forecasted result
2 n | BT E— —— ——— RegimeCast
[0} B f \ l"". ) l' “, 'r‘.l .‘ﬂ I\ A\ |' \ 'l 'q ||' l' || l‘l "- || ~
=] A RY "v - A /) \ f\_".y ,‘.,,.' (r\'|| "\,I - A ! '\ 1\
g [= J | | 1
50 1000 1500 2000 2500 3000(2 3500 4000 (3) 4500 50(98
Tim
(a) Original event top) and (100:120) -s -ahead forecasting resuls (bottom) ‘,
’\ "\’ ’r\'
Real-time forecasting : 1=2240 Real-time forecastlng :1=3100 Real-time forecasting : t=4200 Real-time forecasting : t=4980
2|1 ‘\ 7\
: g 10|} /) -
3 S ofF & s
_1 / \ \
_2 . L
2000 2200 2400 2800 3000 3200 3900 4000 4100 4200 4300 4700 4800 4900 5000 5100
Time Time Time Time

(b-1) Stretch/left (t. = 2240)
http://www.cs.kumamoto-
u.ac.jp/~yasuko/TALKS/17-KDD-tut/

(b-2) Stretch/right (¢, = 3100) (b-3) Stretch/both (t. = 4200)
© 2017 Sakurai, Matsubara & Faloutsos

(b-4) Walking (t. = 4980)
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Q1. Effective —
M()Cap #2 (100-120)-

. steps ahead
“House cleaning” gl dat g

left/right walking g —
raggin
legs g 21, W3, Ira90INg ;
< > \ | sweeping,
) 1000 2000 3000 4000 Ti 5000 6000 7000 8000
left/right . ime
3y (100: 120) -steps- ahead forecasted variables
arms , | . , RegimeCast
g 2r WM%QWMQ‘ : J
3 ol [PPpoccosccee W A a A A AR oA e OO0
> 2 30'0_\/\/{’\4_\:\';\";‘_ A AA A A e e \nf'\l/\-——w‘/\/’ —I——"———— e l /><>\:
1) 1000 2ooo aooo 4 5000 6000 000 gooo  (4)
(1) ?%’ Time 33

(a) Original data stream (top) agd our real-time forecasted result (bottom)

Real-time forecasting : 1=4020 Real-time forecasting : t=6760 Real-time forecasting : t=8680

Real-time forecasting : t=560

2 s _ ,
% o ® ; e/ % P <
> 0 > 0] A " ~ > 0
-2 — . -2 -2
Time 300_ 400 5% 80’ 750 3700 3800 3300 4000 4100 6500 6600 6700 6800 6900 8400 8500 8600 8700 8800
! 560 6 680 Time Time Time

(b-1) Walking (t. = 560) (b-2) Dustpan (. = 4020) (b-3) Wipe a window (f. = 6760) (b-4) Walking (t. = 8680)
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Q1. Effective —
1l BT
Mocap 1|1L3 st(eBp(: ::c)aad

44 9
Chicken dance ~ Original data |
o 2 wmgs \\ " Xﬂ Claps ) , ! . . beaks wings

eaks W\ W~
g —2t \/\f n/’fal| feathers | A N\* \ 1

200 400 600 800 1000 1200 Time tail feathers  claps

q) —— RegimecaSt ”ml‘| l""“’l}.“- "‘vll
3 S—_ ST LY
o Or \ A ) /\
> W\ f/\f | }R
-2r O\ .
200 400 600
Real-time forecasting : =540
2 - (%
- ’ A ~ == =
3 of W& 3
—2} 1 ; | —
450 500 550 950 1000 1050 1050 1100 1150
Time Time Time
(c-1) tc = 540 (c-2)t. = 1044 (c-3)t:. = 1116
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( Q1. Eftective — Google Trend &

4] . . . . — :
Original data - ‘U 'v Orlglnal data A '
. ] ’ . l ||I
¢2 I © i ) [ [}, m’
3 AL ':\fi:&&é‘?&ﬂ“&vﬂi\i ~ 0 Il ) u)!'v '!:16 g‘ WWYW
> g M '1' N |
0 I 1 '.__/') N ,.| .J \! ) Lv'
. o _ — Corona [
2004 2007 2010 2013 2016 | —  Keystone 1 201
——— Netflix Time |—— Coors X 0 2013
~ Hulu — Modelo i -
— YouTube |RegimeCast, SierraNevada geg{me
Amazon(P) - I Wit "“x\‘
g AN Jrv\}'\ % |
Eo- "“NL Wav U >0
2004 2007 201 0 201 3 ?01 6 2004 2007 2010 201 ?
Time ime
3-months (@) Online TV o) B
a ine eers
ahead
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( Q1. Eftective — Google Trend g)

o Onglnal data o
% 1 A
= #“’,&ﬁ;glr«ikn n o
0 A Ay
1 — R 0
Aaas_—asas 5010 D 2010 2013
Tumblr ?lme —— SQL Time
Facebook : ' JavaScript
LinkedIn RegimeCast| | HTMLS5 ReglmeCast
SoundCloud ‘
N o :
— Yelp mf/—{i‘ % I/ M/\W\ \ “H'
//J-ff S Ot * L\ | |
of NP Fifielt %,/ i
2004 2007 2010 13 2004 2007 2010 2013
3 th ime Time
-Montns (c) Social media (d) Software
ahead
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( Q1. Effective — others

Atmospheric pressure & temperature
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Q1. Effective — others
Yen vs. dollar & AU vs. PT
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Q2. Accuracy

Forecasting results of RegimeCast vs. others
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( Q2. Accuracy

Forecasting results of RegimeCast vs. others
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( Q2. Accuracy &

Forecasting error (RMSE), lower 1s better
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(a) Forecasting error for each time tick (left) and average (right)
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Q3. Scalability
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Q3. Scalability
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( Q. Discussion g
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Q. How long ahead
can it forecast?

Q. Discussion
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( Part2 | Conclusions 1LC &

‘(Why: “non-linear” modeling
- Black box: lag plots (k-NN search)

- @rey-box: given a model

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

V/ Applications: non-linear mining &
- Epidemics | iLg«j
p ] ] ] o jil H‘r“"‘ti‘ hif*&ﬂ‘i ﬁv :
— Information diffusion 2%04 2006 2008 2010 2012 2014 %
20 Il ‘"'\ ;;L oo’;

— Online competition e —
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