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Why not discrete the time axis for event data?

1:00 pm 1:18 pm 1:30 pm
Cool picture) [Funny jokej{Dinner together?
ﬁq | T :T T :

t: ) ts

time

Epochl i  Epoch2 : Epoch 3

Discrete-time models artificially introduce epochs:
e How long is each epoch?
o How to aggregate events within epoch?
o What if no event within an epoch?

o Time is treated as index or conditioning variable, not easy to deal with
time-related queries



Dynamics are essential to many applications

Information spread Epidemiology




Scenario |: Idea adoption/disease spread/viral marketing

means

S follows D

Rodriguez et al. ICML 2011
Du et al. NIPS 2012




Scenario |: Idea adoption/disease spread/viral marketing

means

S follows D




Scenario Il: Information diffusion and network coevolution

ﬁ 1pm, D: ]
: o Cool paper
DawdT 2pm, D:
Nice |dea
1 10pm, @D:
Indeed La/

Sophle

means

S follows D

1 15pm, @S @D:
Classic

1:18pm, @S @D:]
Very useful

Christine Bob

I2:03pm, @D: rJacob
Agree 1:35pm @B @S @D:

Indeed brilliant ] Farajtabar etal. NIPS 2015 ¢




Scenario lll: Collaborative dynamics
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A unified framework

Representation: introduce intensity

1. Intensity function
2. Basic building blocks
3. Superposition

Modeling: incorporate domain specifics

1. Ideaadoption
2. Network coevolution
3. Collaborative dynamics

Learning : efficient algorithm

1. Sparse hidden diffusion networks
2. Lowrank collaborative dynamics
3. Generic algorithm

Inference: temporal queries

1. Time-sensitive recommendation
2. Scalable Influence estimation
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History is a sequence of past events

m
ture
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Model time as random variable

Pr. between [t, ¢ + d7]
fr(v)dr

density
fr@) = f(t|H)

P oso T4
T i X | Lime
tz t3 tt+ dt
J
Y
History #; Pr. not before t (survival)

t
S*(t) =1 —f f*(r)dr
0
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f7(t1)

Likelihood of timeline

f7t2)  f7(ts) fr@ ST

f

r 1

ty i3 t

Likelihood:

) () f7ts) f(t) S™(T)
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Problem of parametrizing density

f7(t1) f7t2)  f7(ts) fr@ ST

f

r 1

h )

T

| time

ty i3 t

Likelihood:

fr(t) f7(ty) f(t3) () S*°(T)

P |

exp{w, 1/) (t)) exp{w, P (t3)) 1— jT
0

Z

exp(w, P~ (t2)) exp(w, P* (1))
YA YA

>

Not concave
inw!

exp{w,"(1))

Z
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Intensity function

Pr. between [t, t + dt]
fr(dr

| T T T time
>
t1 ty
\
Y
History #; Pr. not before t (survival)

Intensity: Pr. between [¢, ¢t + dt] but not before ¢

v, fr(D)dr
h*(t)dt = 0 > 0

& &

t
£ = B (D) S*(©) S0 = exp (_ f h*(r)dr)
t

17



Relation between f*, F*,S™, h™

t
jo @) de
- *
© ~JH0
dF*(t)
dt  le=a;
1-s@) | [1=F @ ®

v
5°(t)

5*(t)

t
h*(t) exp (—f h* (T)dT)
£

-1

f®)dt

F(t)

S(t)

exp (—jt h*(r)dr)
ti

-1

f@

Central quantity to

parameterize
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Advantage of parametrizing intensity

Log-likelihood _
m
D log(w, §" () — (w, W* (T) !

REREE i

tz t3 t

Likelihood:

h*(t,) h*(t,) h*(t;) h*(t) exp( fOTh*(T)dT

d | \

(w, d*(t1)) (w, ¢*(t3)) exp _ T(W b* (T))d‘[)

0

(w, ¢"(£2)) (w, (1))

19
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Poisson process

Uniformly random occurrence.
Time interval follows exponential distribution

time

21



Inhomogeneous Poisson process
Intensity independent of history

h*(t) = g(t)

time
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Nonparametric form of h™(t)

Let h*(t) be positive combination of basis functions

B (6)
'

b=t
k(t,t) h*(t) = ak(z,,t) Gaussian RBF
\ / ; o kernel k (7, t):
Iz — tl|%
exp (— !
=t

Ty, T T3 T4 Ts Tg T; T
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Terminating process

Limited number of occurrence

h*(t) = (1 - N()g"(®)
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Self-exciting or Hawkes process

Clustered occurrence

f?

time

= u+ aexp(—|t|) x dN(t)

H_J

Triggering
kernel

25



How to sample from intensity?

Thinning procedure (similar to rejection sampling)

time

WO =p+a ) exp(-|t—t;])

tiEH

Sample t from homogeneous Poisson process with intensity h

1
t ~——InU]|0,1
o nuo]

Keep the sample with probability h*(t) /hy

26
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Supposition of processes

Sample each intensity + take minimum = Additive intensity

t=minfr, 7, 5, 13} [) R'@ =p+a ) exp(-lc -]

tieEH ¢
®
| H : T time
; >
T
a exp(—|t — t1]) :
a ®
l = I time
tl é t
: ®
G T time
to Ty
' ®
Ia exp(—|t — t3]) T\ T time
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Mutually-exciting process

Clustered occurrence affected by neighbors

29



Mutually-exciting terminating process

Limited number of occurrence affected by neighbors

hD*(t)=(1—ND(t))<g*(t)+aDS 2 exp(—lt = t7)

S S
t? s

time

time

|

30
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idea adoption/disease spread/viral marketing

means

S follows D

Rodriguez et al. ICML 2011
Du et al. NIPS 2012
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idea adoption/disease spread/viral marketing

means

S follows D

1:15pm Christine

110pm ,/”’)'

1:00pm

Sophle

N

1:18pm

\/

?’w 1:25pm
&/

Jacob

33



Scenario I: idea adoption

means

S follows D D is source

p L ND(t):].

1:10pm / Dayid

Terminating process

C adopt product only once
h 4 - A .
C
NE () ¥ Notyet Followee
1:15pm Christine adoApted adopted
( Y \
W*(t) = A/B(6) (1= N/ (t)) NB(D)
J

+ AJC@) (1= N/ () NE(B)
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Cascades from D in 30 mins

. 17pm
VI 1:25pm
. Jacob
.= e
v
' 1:48pm
Christine
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Cascade Data

Cascade: a sequence of (node, time) pairs for a particular piece of news

Cascades can start from different sources

[ [
Cascade 1 : Cascade 2 : Cascade 3

I I

User 1 4 : AL 4 > ¢
I I

User2 A : 4 : A > ¢
I I
I I

User 3 A : A L - > ¢
I I
I I
I I
I I
I I
I I

User n: A | 4 : > ¢
I I
I I

(tl, tz, t3, ---,tn) (t1; tz; t3; ---;tn) (tl’ tz, t3, nEw tn)

39
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Information diffusion and network coevolution

ﬁ 1pm, D: ]
: =) | Cool paper
DawdT 2pm, D:
Nice |dea
1 10pm, @D:
Indeed La/

Sophle

means

S follows D

1 15pm, @S @D:

1:18pm, @S @D:]
Classic

Very useful

Christine Bob

I2:03pm, @D: rJacob
Agree 1:35pm @B @S @D:

Indeed brilliant ] Farajtabar et al. NIPS 2015 44




Information diffusion and network coevolution

2 1pm,D: ](D, D, 1:00)
-lCooI paper

1 \ST J1S, 5:25)
4pm, B: ](B, B, 4:00)
> < 2 ltsnows

Link creation event sequence

J,)) * >t
(J, D) ? >

U,9) r

Chrlstme Bob
Tweet/retweet event sequence

,)) ? ?? ? >t

*t ¢+ ¢
4, D) > 4 10pm, @B

U, B) 1 1 > Beautiful (J’ B, 4:10)
Going out (J J, 5:00) 42

11 -35pm @B @S @D:

Indeed brilliant ] 4, D, 1:39)




Targeted retweet

D’s own initiative

; * , h@®=n
(C,D)
tte ¢ 1 te ¢t
NCP(t NBP(t)
a oy Mutually-exciting process

Christine Bob High if followees retweet frequently

A
AJC t\ AJB '4 \
© O () = B AT (1) exp(—It]) * ANPP (0

(, D) '

+ BPAIC(t) exp(—[t]) x ANP(t)

43



Information driven link creation

¢, D)

?

AIP (1)

J’s random exploration

,_L\

y/P () = (1 — ATP(0)) - (W + aP exp(—It]) » AN/P (1))

\ v J —

Check whether Retweet D
the link already there \ J
Y
Self-exciting process
\ J
Y

Terminating process
no link and retweet often

t? » Jacob
NJP(t)
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Joint model of retweet + link creation

Diffusion network
A(t) € {0,1}
Alter Support

L|nk creation Information diffusion
process process N(t) e{0}uZ*

Terminating Mutually-exciting
process Drive process

45



Simulation

46



Link creation parameter controls network type

al =0

Erdos-Renyi random networks
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Shrinking network diameters

Generate networks with small shrinking diameter

Small connected @ 3=0 = 3=0.05®3=0.19=p=0.2
components merge 8Q ;" g . *

Diameter
" shrinks

diameter
AN
o

v

4

48



Cascade patterns: structure

Generate short and fat cascades as « increases

100%

10% |

percentage

0.1% |

1% |

«=0.8

B =02
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Collaborative dynamics

Low rank
‘uDol MDO4
‘ujol 'ujoél-
Sophie <aD01 aD°4>
e ajol aj°4
Christine
% Self-exciting process
Jacob Tend to go to the same store
\ again and again
A
4 \

hDOl*(t) — ‘uDol + aD01 z eXp(—|t . tlpml)

Do Do
t; 1e}[t 1
51
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Estimate the
diffusion
networks?

Hidden diffusion networks

53



Parametrization of idea adoption model

means

S follows D

1:10pm

D is source
NP(¢) = Parametrization
L A]D
JS
w = A
AJB
AlC

Terminating process
adopt product only once

A
4 \

Notyet Followee
adopted adopted

rAYJH

h*(t) = AJB (1= N/(t)) NB(¢)
+ AJC(1=NJI()) N°(2)
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£ Regularized log-likelihood

Lw) + Allwlly = ) log(w, §" () — w, * (1) — Allwll,
=1

B | R

Likelihood:

h*(t,) h*(t,) h*(t;) h*(t) exp( fOTh*(T)dT

d | \

(w, d*(t1)) (w, ¢*(t3)) exp _ T(W b* (T))dr>

0

(w, 9" (t2)) (w, (1))

55



Soft-thresholding algorithm
£, -reguarlized likelihood estimation problem. Solve one such problem
for each node.
o Setlearning rate 5
o k=0
o Initialize w
o Whilek < K, do
o whtl = (wk —p .7, L(wk)—2- ,B)+
ek=k+1
¢ End while




Statistical guarantees

» Recovery conditions:
o Eigenvalue of the Hessian, Q = V5L, is bounded [C.,in, Cryga]
o Gradient is upper bounded, ||V, L||» < C;
» Hazard is lower bounded, min w; = (5
o Incoherence condition: ||Qscs(Qss) oo <1 — ¢
» network structure
» parametervalue

o observation window
« source node distribution

» Givenn > C; - d3 log p cascades, set regularization parameter

A=>Cy- 2;8 /105 P the network structure can be recovered with

probability at least 1 — 2 exp(—C''1°n)

o7
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Estimated diffusion network

hacha.cdrie

asheeplesher blogspot.co rwww.techdirt.com

ble.am

mccaiiyblogspot.com

| \

@ Blogs
@ Mainstream media

®otaku.com
glzmodo com

*GFU 5N

Nan et al. NIPS 2012 59




Tracking diffusion networks
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Collaborative dynamics

0 Regularization
3

> > uPor . puPos
N\./ M]01 'u]04
51
aPor .. qblos
| <a]:°1 a]:"‘*)

)Q/

»

Christine

% Self-exciting process
Jacob Tend to go to the same store
again and again
A
4 \
* D

RPov () = pP% + a2 ) exp(—It —tP*))

th01E}[lt?01
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Concave log-likelihood of event sequence

Log-likelihood Concave -
L(w) = zlog(w ¢*(t)) — (w, ¥*(T))

9.7 11

Jacob b 2 s t

Likelihood:

h*(t,) h*(t,) h*(t;) h*(t) exp( fOTh*(T)dT

d | \

(w, d*(t1)) (w, ¢*(t3)) exp _ T(W b* (T))d‘[)

0

(w, ¢"(£2)) (w, (1))
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Challenge in optimization problem

| 1 7 e

tz t3 tl tm

Negative log-likelihood

min (w, %" (1)) = ) log(w, ¢"(t)) + A llwll
=1

WERY

Existing first order methods
9, (i) iterations

€2

2| | Non-Lipschitz

Ax 5 10 15 20

65



Saddle point reformulation

tz t3 tl tm

Negative log-likelihood
min, (w,¥*(7) = ) log(w, ¢" () + 2 Wl
i=1

WEIR_,_

\ J
Y

Fenchel dual
max vi{w, ¢"(t;)) — logv; — 1
Vi

<

min max (w,¥*(T)) — 2 vi(w, p*(t;)) +z logv; + 4 ||lwll4

weR{v;>0}M
i =1 =1 =1

He et al. Arxiv2016

| T 1 me
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Proximal gradient

— t
wp =w; —v Wl

171' =Uit+)/Vvi
o

-

Lo (o) [ = @ =),
EED

7+ (57 + 4y)

1/2

~

Lwt{vi}) | | %
VAN

-

[ Given current w', {v}} ]

2

)

m

min max (w,¥*(T)) — E viw, p*(t;)) +
weR} {v;>0}, :
\ =1 J
Y

Bilinear form L (w, {v;})

i

m
logv; + A |lwll4
=1

67



celerated proximal gradient

4 N _ )
W = wf =y G L@, (B W= (7 =),

® b, + (92 + 4y)"/”
7 = v +y 7, LW, {7;}) pitl = i 12
S J /

sl
I [ . I
= =y bl ) ) (%~ ),

= _2
v = Vit +vy VviL(Wt, {vlt}) ﬁi _ Vi + (vl + 4)/)
- Y

N 2 Y,
Sl m

1/2

1\. .
[ Given current w', {v}} J 0 (E) Iterations
m m
min max (w,V*(T)) — 2 vi(w, d*(t;)) + ) logv; + A ||wly
WERL {v; >0}, _ _
\ =1 ) i=1
Y

Bilinear form L (w, {v;})
68



relative error of objective (log scale)

10

-
o

-
o

-
o

-
o

10

]

|
Mo

I
I

|
7]

Converge much faster

= Jnaccelerated

Accelerated gradient

~—

0

200

400

iteration

600 800 1000
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Christine

Jacob

Next item prediction
What next item David will buy?

max hP%*(t)
\ (0]

\

Return time prediction
When will David buy the item?

max] tfPo*(t)dr
L t

J

Nan et al. NIPS 2015
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Music recommendation for Last.fm

Online records of music listening. The time unit is hour

1000 users, 3000 albums

20,000 observed pairs, more than 1 million events

Methods

Hawkes
Poisson
Tensor2
900 Tensoro0 | b
sVD
LU 600
<C
=
300
0
Heldout Total
Groups

Album prediction

3001

% 200

1001

fsTic

Methods
Hawkes
Poisson
Tensor2last
Tensor2Avg
Tensor90Last
Tensor90Avg

3729
i
-Ei i

1682 1735
i

Heldout Total
Groups

Returning time prediction
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Electronic healthcare records

MIMIC Il dataset: a collection of de-identified clinical visit records

The time unit is week
650 patients and 204 disease codes

Methods 300 Methods
200 Hawkes Hawkes

Poisson Poisson
Tensor2 Tensor2lLast

2026

1501 SvD Tensor90Last
2001 Tensor90Avg

174.01
Tensor90 16478 Tensor2Avg
BsTic Cx
g 1DD mzr ‘(
E E 1342
100
50
I 0

E

Heldout Total Heldout Total
I’OUpS roups

Diagnosis code prediction Returning time prediction
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means

S follows D

Christine

Inference in dea adoption

©®
-

Bob

/

/ Influence estimation \

Can a piece of news spread, in 1 month,
to a million user?

6(s,t): = E ZNi(t)
N\ iev J
Influence maximization
Who is the most influential user?
maxo(s,t)
\_ SEV

Source localization
Where is the origin of information?

max _Likelihood(partial cascade)
\SEV,tE[0,T] )y

Rodriguez et al. ICML 2012
Nan et al. NIPS 2013
Farajtabar et al. AISTATS 2015
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Cascades from D in 1 month

=
>
©
(]

=)
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Christine



Cascades from D in 1 month

Christine

.
.
.
.
.
.
.
.
.
.
.
.
=Xz %
.
= .
.
.
.
.
“

4
o(D,t)

4 +2+4+3 Chrlstme




Christine
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o(8,0) 0
_4+2+2 Christine Bob 3 /
Christine 3 '.x /
= 2.67



[ maxo(s,t)
SEV

|

Find most influential user

O(p IVI(IVI+ |ED)

/

Each graph

N
N
) 4 R

“
“
Ca

Christine
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Find most influential user

[maxa(s, t)} O(p VI (VI +|ED)

SEV /

Each graph ~ Each node

@ O

0;“‘ Dild ..0 ““ DaA\"d 2:Y: DaAVId
& Nu A SR
Sophie “ .: : Sophie :
‘4 v Sophie . s E
— “ .. “ -
Bob “ ’. “ :
- . . =
. . =
‘ . s =
O, . Christine * =
Jb . . <
- “ “ ‘ u

u ' ; . u .

v o ‘- S
. R Skl “ Bob
o cl) * i . *

= Christine Bob ] o

3

Christine ‘e +* .
AC ) » IS
o/
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Find most influential user

Quadraticin |V
mgeen] opmeney)

Each graph  Eachnode  Single source shortest path

0 e
Sophle \ @ ﬁ ?
ophie .

L )
.
Bob “
A )
) )
V ,
)
A )
S :
L
Jacob “‘
: oY 4 ¥
L &
TS L ud CIC)
- Christine Bob
Christine "A Q A‘“
o
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Christine

Randomized neighborhood estimation

Linear in # of
nodes and edges

RP = { }
R® = { }
o RP=0 )
Bob
Jacob 1.26
RI={
RC ={ }

Christine
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Randomized neighborhood estimation

0.37
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Computational complexity
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Scalability

> 48 hours

10° 10°  10°
#nodes

== ConTinEst:
NS _
100 10

6
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digg.com

~Ten.most influential sites in a month

popular news site

Ixer.com

linux and open source news

exopolitics.blogs.com

political blog

mac.softpedia.com

mac news and rumors

gettheflick.blogspot.com

pictures blog

urbanplanet.org

urban enthusiasts

givemeaning.blogspot.com

political blog

talkgreen.ca

environmental protection blog

curriki.org

educational site

pcworld.com

technology news
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Spatial temporal processes
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Continuous-time document streams
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Dirichlet-Hawkes processes
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Previous models are parametric

o Each parametric form encodes our prior knowledge

¢

¢

¢

¢

Poisson Process

Hawkes Process

Self-Correcting Process

Autoregressive Conditional Duration Process

o Limitations
¢ Model may be misspecified
¢ Hard to encode complex features or markers
o Hard to encode dependence structure

Can we learn a more expressive model of
marked temporal point processes ?
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Recurrent Marked Temporal Point Processes

Recurrent neural network + Marked temporal point processes

loss (j+1,9j+1) loss ({412, 9j+2)
output (£41,5.10)) (output (12, 9;12) hidden vector of RNN learns a
I I ~_nonlinear dependency
hj1 ._.[ hidden h; }_.[ hidden hy ] over both past time and

markers

[ e, y541) = f(tjpalhy) f(yj1|R;)

general conditional density \multinomial distribution
of the next timing for the markers
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Hawkes ACD

Self-Correcting

Inter-event time Inter-event time

Inter-event time

Experiments: synthetic
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Time Prediction

Marker Prediction

1.10

Experiments: real world data
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A unified framework

Representation

1. Intensity function PROBABILISTIC MODELS
2. Basic building blocks and
3. Superposition LEARNING METHODS
©
1. Ideaadoption understand
2. Network coevolution .
3. Collaborative dynamics predICt
control
1. Sparse hidden diffusion networks
2. Low rank collaborative dynamics PROCESSES & ACTIVITY
3. Generic algorithm over
SOCIAL & INFORMATION
NETWORKS

1. Time-sensitive recommendation

2. Scalable Influence estimation 98
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Features

Learning sparse interdependency structure of continuous-time
information diffusions

Scalable continuous-time influence estimation and maximization

Learning multivariate Hawkes processes with different structural
constraints, like: sparse, low-rank, customized triggering kernels

Learning low-rank Hawkes processes for time-sensitive
recommendations

Efficient simulation of standard multivariate Hawkes processes
Learning multivariate self-correcting processes
Simulation of customized general temporal point processes

Basic residual analysis and model checking of customized temporal
point processes

Visualization of triggering kernels, intensity functions, and simulated

events
100



Overview

Data Visualization

S Point
equences Patterns

Multivariate Point Process

Terminating Plain Hawkes Generalized Low-Rank Self-Correcting Dirichlet
Process Process Hawkes Process Hawkes Process Point Process Point Process

Simulator Optimizer Diagnosis

Ogata’s Residual
Thinning Analysis

https://github.com/dunan/MultiVariatePointProcess
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https://github.com/dunan/MultiVariatePointProcess
https://github.com/dunan/MultiVariatePointProcess

Demo: learning network structure
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Input: sequences of infection times

Sequence3 4,0, 5,2.70542

Sequence 1 Sequence 2 Sequence 3
Node 1—* L
Node 2: 4 A —
Node 3: 4
Node n: A A,
tgl) tél) 757(FL1) tgl) t§2) té2) t1(12> t§2) tg?)) tgs) tég) t,(,?)
nodel, timel, node2, time2, node3, time3, ......
sequence1 1,0, 3,0.280236, 2,2.02846, 5,2.80793, ......
sequence2  (),0, 2,0.386698, 1,0.387333, 5,0.454235, ......
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Load sequences

// data stores all input sequences
std::vector<Sequence> data;

// suppose we have six nodes without knowing their interdependency
structure
unsigned N = 6;

// initialize the observation window
double T = 0;

// load sequences from file
ImportFromExistingCascades("data/example_cascade_exp_1000", N, T, data);
std::cout << "1. Loaded " << data.size() << " sequences" << std::endl;
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(]

6

10

12

14

16

18

Setting options

unsigned dim = N, num_params = dim *

dim;

// initialize the standard multivariate terminating process
PlainTerminating terminating (num_params, dim) ;

// set different fitting options
PlainTerminating::0PTION options;

// use projected-LBFGS optimization algorithm
options.method = PlainTerminating::PLBFGS;

// use Lli-norm for sparsity

options.excitation_regularizer = PlainTerminating::L1;

// set the regularization coefficient
options.coefficients[PlainTerminating

// fit the parameters
std::cout << "2. Fitting parameters"
terminating.fit (data, options);

: : LAMBDA] = 1e-3;

<< std::endl << std

::endl;
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Retrieving results

// Get fitted parameters
Eigen::VectorXd result = terminating.GetParameters () ;

// 6-by-6 interdependency matrix
Eigen::Map<Eigen::MatrixXd> alpha_matrix = Eigen::Map<Eigen::MatrixXd>(
result.data(), dim, dim);

std::cout << std::endl << "Estimated Parameters : " << std::endl <<
alpha_matrix << std::endl;

https://github.com/dunan/MultiVariatePointProcess/blob/master/example/learning_network_structu
re_exp_kernel.cc
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https://github.com/dunan/MultiVariatePointProcess/blob/master/example/learning_network_structure_exp_kernel.cc
https://github.com/dunan/MultiVariatePointProcess/blob/master/example/learning_network_structure_exp_kernel.cc

Running

lawn-143-215-206-69:example nandu$ build/learning_network_structure_exp_kernel
1. Loaded 1000 sequences
2. Fitting parameters

Iteration FunEvals Step Length Function Val Opt Cond
0.013487 31.8054 68.2172
1 2.67816 1.40804
2.62518 1.38426
2.4393 0.990146
.31951 0.654871
. 26407 0.592488
.23483 0.376114
.22692 0.340944
.19597 0.112433
.19311 0.0596917
.19158 0.0349702
.19154 0.0275834
.19132 0.027687
.19129 0.0244095
.19122 0.0123253
.19119 0.00924419
.19116 0.00868183
.19086 0.0239286
.19049 0.0348729
19004 0.0622901
.18917 0.0227247
18904 0.0181591
.18868 0.0334986
.18825 0.00359063
.18825 0.000825038
.18825 9.32674e-05
.18825 3.64155e-05
.18825 3.26591e-06

2
3
4
6
8
10
11
14
15
16
17
18
19
21
22
23
24
25
19 26
20 27
21 28
22 29
23 30
24 31
25 32
26 33
27 34
28 35
Directional Derivative below optTol

2o
P OWOoLNOUL A WNPR

PR RRRR R
coNOYUT A WN

1
.1
.1
.1

1

1

1

1

1

1

1
.1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

NNNNNNNNNRNNNNNNNRNNNNNNNRN

Estimated Parameters :
@ 0.985479 1.021@9 (/]
/] @ 0.958809 0.924004
0

0
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Learn general infection risks

m
thk(r,t—t)) ¢ji(t - tj) = Z alk(Tlr t — tj)
= =1

/

]
Ty Tp T3 T4 Ts Te T; T
// Use 100 RBF basis functions
unsigned dim = N, num_basis = 100, num_params = num_basis * dim * dim;

// Set the grid point from O to the observation window T
Eigen::VectorXd tau = Eigen::VectorXd::LinSpaced(num_basis, 0, T);

// Set the bandwidth of the RBF basis function
Eigen::VectorXd sigma = Eigen::VectorXd::Constant(tau.size(), 1.0);
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11

Setting options

// initialize the multivariate terminating process with general triggering
kernels

TerminatingProcessLearningTriggeringKernel terminating(num_params, dim,
tau, sigma);

TerminatingProcessLearningTriggeringKernel::0OPTION options;

// use group-lasso type of regularization

options.excitation_regularizer =
TerminatingProcessLearningTriggeringKernel::GROUP;

// set the regularization coefficient
options.coefficients[TerminatingProcessLearningTriggeringKernel::LAMBDA] =
1;

std::cout << "2. Fitting parameters" << std::endl << std::endl;
terminating.fit(data, options);

https://github.com/dunan/MultiVariatePointProcess/blob/master/example/learning_network_struct
ure_general_kernel.cc
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https://github.com/dunan/MultiVariatePointProcess/blob/master/example/learning_network_structure_general_kernel.cc
https://github.com/dunan/MultiVariatePointProcess/blob/master/example/learning_network_structure_general_kernel.cc

Plotting the learned functions

.

std::cout << "3. Plotting learned triggering kernels" << std::endl << std
:endl;

// plot the infection risk function between node 0 and 1
4/ terminating.PlotTriggeringKernel (0, 1, T, 0.01);

30535
38535
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308535
38535
30535

oo

30535 0.3 . . — :
30535 TriggeringKernel
30535
30535
38535
30535 0.25 |
38535
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30535 02 L
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3@535
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Demo: influence maximization

fii(tilty) = fya(ti —t5)

https://github.com/dunan/MultiVariatePointProcess/blob/master/example/influence maximizatio
n.cc
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https://github.com/dunan/MultiVariatePointProcess/blob/master/example/influence_maximization.cc
https://github.com/dunan/MultiVariatePointProcess/blob/master/example/influence_maximization.cc

Load diffusion networks

o Forthe demo, we assume pairwise Weibull distribution

8—1
ALY _(at/)’

scale parameter shape parameter

» Foreach edge, we have:

node j, node i, 5]'2', Qg
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Load diffusion networks

// suppose 1024 nodes
unsigned N = 1024;

// load network with edge reversed

Graph G("data/std_weibull_DAG_core-1024-1-network", N, true);

// load the original network for comparing with the monte-carlo
simulations

Graph Gi("data/std_weibull_DAG_core-1024-1-network", N, false);

// use 5000 sampled networks, each of which has 5 sets of node labels
unsigned num_samples = 5000, num_labels = 5;

// initialize influence estimation
ConTinEst continest (&G, &G1l, num_samples, num_labels);
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11

13

15

17

19

21

Influence estimation

std::cout <<"Get all least-label lists : " << num_samples << " sets of
transmission times; " << num_labels << " sets of random labels; ";

// calculate least-neighbor lists for each node
continest.GetLeastElementLists () ;

std::cout <<"done" << std::endl << std::endl;

// use 10000 monte carlo simulations for comparison
unsigned C = 10000;

// increase observation window from 1 to 10

for(unsigned T = 1; T <= 10; ++ T)

{
std::cout << "Estimate Influence T = " << T;
double estimated_influence = continest.EstimateNeighborhood(sources, T);
std::cout << " done" << std::endl << std::endl;

std::cout << "Simulation Check T = " << T << " " << " with " << C << "
samples" << std::endl,;

std::cout << "ConTinEst : " << estimated_influence << std::endl << "
Simulation : " << continest.RandomSimulation(T, sources, C) << std::
endl << std::endl;
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Influence maximization

std::vector<double> set_T;
std::vector<unsigned> set_K;

// set observation window to 10
set_T.push_back (10);

// select at most 10 sources
set_K.push_back (10);

std::cout <<"Influence Maximization by selecting 10 nodes with T = 10 ";

// influence maximization

std::vector<std::set<unsigned> > tables = continest.Optimize(set_T, set_K)

.
2

std::cout << "done" << std::endl;
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Running

Estimate Influence T = 8 done

Get all least-label lists : 5000 sets of transmission times; 5 sets of random labels; done

node @ has the largest out-degree 24
Estimate Influence T = 1 done

Simulation Check T = with 10000 samples
ConTinEst : 133.747
Simulation : 133.88
Simulation Check T = 1 with 10000 samples
ConTinEst : 7.65846
Simulation : 7.7011

Estimate Influence T = 9 done

Simulation Check T = 9 with 10000 samples
ConTinEst : 163.572
Simulation : 163.398

Estimate Influence T = 2 done

Simulation Check T = with 10000 samples
ConTinEst : 14.0149
Simulation : 13.974

Estimate Influence T = 1@ done

Simulation Check T = 1@ with 10000 samples
ConTinEst : 192.547
Simulation : 191.941

Estimate Influence T = 3 done

Simulation Check T = with 10000 samples
ConTinEst : 24.0831
Simulation : 24.239

Influence Maximization by selecting 1@ nodes with T = 1@ done
selected sources : 0;1;2;4;10;16;17;21;524;890;
Llawn-143-215-206-69: example nandu$ i

Estimate Influence T = 4 done

Simulation Check T = with 10000 samples
ConTinEst : 38.965
Simulation : 39.1839

Estimate Influence T = 5 done

Simulation Check T = with 10000 samples
ConTinEst : 57.268

Simulation : 58.0492

Estimate Influence T = 6 done

Simulation Check T = with 10000 samples
ConTinEst : 79.4595

Simulation : 79.5592

Estimate Influence T = 7 done

Simulation Check T = with 10000 samples

ConTinEst : 104.509
Simulation : 104.387
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Demo: time-sensitive recommendation

>
—
F *—9
08:05 AM 10:30 PM Which one to recommend attime T ?

From to predict

TYPE 2

Pl

Which disease will progress at the next visit ?

https://github.com/dunan/MultiVariatePointProcess/blob/master/example/learning lo
wrank hawkes.cc
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https://github.com/dunan/MultiVariatePointProcess/blob/master/example/learning_lowrank_hawkes.cc
https://github.com/dunan/MultiVariatePointProcess/blob/master/example/learning_lowrank_hawkes.cc

Input: sequences of activities

o user-id u, item-id i, time1l, time2, time3, ......
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Load sequences of activities

// suppose 64 users and 64 items
unsigned num_users = 64, num_items = 64;
unsigned dim = num_users * num_items;

std::vector<Sequence> data;
|std::cout << "1. Loading " << num_users << " users " << num_items << "
items " << " with 1000 events each" << std::endl;

// load sequences from user-item pairs
ImportFromExistingUserItemSequences ("data/
low_rank_hawkes_sampled_entries_events", num_users, num_items, data) ;
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Set options

// initialize low-rank Hawkes process
LowRankHawkesProcess low_rank_hawkes (num_users, num_items, beta);

LowRankHawkesProcess::0PTION options;

// regularization coefficients of the base and the excitation matrix
options.coefficients[LowRankHawkesProcess:: LAMBDAO] = 1;
options.coefficients [LowRankHawkesProcess::LAMBDA] = 1;

// learning rate
options.ini_learning_rate = le-2;

// estimation of the nuclear norm upper bound
options.ub_nuclear_lambdaO = 25;

options.ub_nuclear_alpha = 25;

// estimation error penalization
options.rho = lel;

options.ini_max_iter = 1000;
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Learning

// pass true parameters for comparison
Eigen::MatrixXd TruelambdaO, TrueAlpha;

LoadEigenMatrixFromTxt ("data/truth-syn-Lambda0", num_users, num_items,
TruelLambdaO) ;

LoadEigenMatrixFromTxt ("data/truth-syn-Alpha", num_users, num_items,
TrueAlpha) ;

// start to fit
std::cout << "2. Fitting Parameters " << std::endl;
low_rank_hawkes.fit(data, options, TruelambdaO, TrueAlpha);
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Time sensitive recommendation

// select testing user
unsigned test_userID = O0;

// select given testing time
double t = 100;

// recommend item
std::cout << "3. Predicted Item for User " << test_userID <<": " <K<
low_rank_hawkes .PredictNextItem(test_userID, t, data) << std::endl;

// select testing user
test_userID = 24;

// select testing item
unsigned test_itemID = 6;

// set maximum observation window
double observation_window = 2000;

// predict returning time

std::cout << "4, Predicted next event for user " << test_userID <<" and
item " << test_itemID <<": " << low_rank_hawkes.PredictNextEventTime (
test_userID, test_itemID, observation_window, data) << std::endl; 122



Running

1. Loading 64 users 64 items with 1000 events each
2. Fitting Parameters
Iteration Step Length Function Val Base intensity MAE Excitation matrix MAE
1 2225.05 0.292325 .298426
0.666667 PAREN 0.216273 .225375
0.5 1964.49 0.172853 .183434
0.4 1886.79 0.140363 .155322
0.333333 1831.16 0.12192 .133455
.285714 1815.87 .116931 .121319
) 1811.53 .108687 .117834
222222 1806.45 .113883 .112743
0.2 1815.31 107994 115142
.181818 1810.84 .116839 .111769
.166667 1823.03 .112816 .118249
.153846 1818.99 .125171 .116117
.142857 1838.8 .121897 .122979
.133333 1828.94 .133864 .122622
0.125 1852.08 0.12985 .127855
117647 1835.26 0.140701 .128251
J111111 1861.15 0.135881 .132231

[

[ IR I I
[SISI SIS IS I I IS B S I B B I I

980 0.00203874 1756.68 0.0194458 0.0585401
981 0.00203666 1756.7 0.0194354 0.0584736
982 0.00203459 1756.68 0.0194194 0.0585626
983 0.00203252 1756.71 0.0194103 0.0584961
984 0.00203046 1756.68 0.0193923 0.0585848
985 0.0020284 1756.71 0.0193844 0.0585183
986 0.00202634 1756.68 0.0193654 0.0586068
987 0.00202429 1756.71 0.0193587 0.0585402
988 0.00202224 1756.68 0.0193389 0.0586285
989 0.0020202 1756.71 0.019333 0.0585618
990 0.00201816 1756.68 9.0193136 0.0586499
991 0.00201613 1756.71 0.0193087 0.0585833
992 0.0020141 1756.68 0.0192895 0.0586712
993 0.00201207 1756.71 0.0192854 0.0586046
994 0.00201005 1756.68 0.019267 0.0586923
995 0.00200803 1756.71 0.0192635 0.0586256
996 0.00200602 1756.68 0.0192468 0.0587132
997 0.00200401 1756.71 0.0192434 0.0586465
998 0.002002 1756.68 0.0192277 0.0587339
999 0.002 1756.71 0.0192248 0.0586672
1000 0.001998 1756.68 0.0192105 0.0587544
3. Predicted Item for User 0: 46 123
4. Predicted next event for user 24 and item 6: 1983.19
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o

o
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More examples

Learning standard Hawkes processes

Support customized triggering kernels for Hawkes
Learning standard self-correcting processes
Support customized point processes

Basic residual analysis

Efficient simualtions

Check out the project website

http://www.cc.gatech.edu/%7Endu8/ptpack/html/index.html

124


http://www.cc.gatech.edu/~ndu8/ptpack/html/index.html

