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Outline	  of	  the	  Seminar	  

1.	  Intensity	  func@on	  
2.	  Basic	  building	  blocks	  
3.	  Superposi@on	  
4.	  Marks	  and	  SDEs	  with	  jumps	  

REPRESENTATION:	  TEMPORAL	  POINT	  PROCESSES	  

Next 
APPLICATIONS:	  MODELS	  
1.	  Informa@on	  propaga@on	  
2.	  Informa@on	  reliability	  
3.	  Knowledge	  acquisi@on	  

Slides/references: learning.mpi-sws.org/ijcai-2017-tutorial 

APPLICATIONS:	  CONTROL	  
1.	  Ac@vity	  shaping	  
2.	  When-‐to-‐post	  
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Applica@ons:	  Models	  
1.   Idea	  adop@on	  

2.	  Informa@on	  reliability	  
3.	  Knowledge	  acquisi@on	  
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Idea	  adop@on:	  an	  example	  

Friggeri	  et	  al.,	  2014	  

They	  can	  have	  an	  impact	  	  
in	  the	  off-‐line	  world	  	  

S	   D
means	  

D	  follows	  S	  
Chris@ne	  

Bob	  

Beth	  

Joe	  

David	  

3.00pm	  

3.25pm	  

3.27pm	  

4.15pm	  

t
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Idea	  adop@on	  representa@on	  

t = 0 t = T

t

Idea	  adop@on:	  

Time	  User	  
Idea	  

N1(t) 

N2(t) 

N3(t) 

We	  represent	  an	  idea	  adop6ons	  using	  
termina@ng	  temporal	  point	  processes:	  

N4(t) 

N5(t) 



Idea	  adop@on	  intensity	  	  
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N1(t) 

N2(t) 

N3(t) 

N4(t) 

N5(t) 

Source	  
(given,	  not	  modeled)	  

Adopt	  idea	  only	  
once	   Influence	  from	  	  

user	  v	  on	  user	  u	  

Time	  of	  	  
message	  by	  user	  v	  

Memory	  

Follow-‐ups	  
(modeled)	  

[Gomez-‐Rodriguez	  et	  al.,	  ICML	  2011]	  



Model	  inference	  from	  mul@ple	  adop@ons	  
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Condi@onal	  
intensi@es	  

Idea	  adop@on	  log-‐likelihood	  

Maximum	  likelihood	  
approach	  to	  find	  	  
model	  parameters!	  

Theorem.	  For	  any	  choice	  of	  parametric	  memory,	  
the	  maximum	  likelihood	  problem	  is	  convex	  in	  B.	  

Sum	  up	  log-‐likelihoods	  	  
of	  mul@ple	  ideas!	  

[Gomez-‐Rodriguez	  et	  al.,	  ICML	  2011]	  
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Nonparametric	  kernels	  

Mul@modal	  influence/memory:	  

Pair	  1	   Pair	  2	   Pair	  3	  
[Du	  et	  al.,	  NIPS	  2012]	  

Mixture	  of	  	  
kernels	  
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Topic-‐sensi@ve	  rates	  

Topic-‐modulated	  influence:	  

LDA	  weight	  	  
for	  topic	  l	  

[Du	  et	  al.,	  AISTATS	  2013]	  
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Memetracker	  

[Leskovec	  et	  al.,	  KDD	  ’09]	  



11 Blogs	  
Mainstream	  media	  

Diffusion	  Network	  (small	  part)	  
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Recurrent	  events:	  beyond	  cascades	  

In	  general,	  especially	  in	  social	  networks:	  

Up	  to	  this	  point,	  we	  have	  	  
assumed	  we	  can	  map	  each	  	  
event	  to	  a	  cascade	  

Difficult	  to	  dis@nguish	  	  
cascades	  in	  event	  data	  

Most	  cascades	  are	  
single	  nodes	  (or	  forests)	  

no	  likes	  
no	  comments	  
no	  shares	  



Recurrent	  events	  representa@on	  

[Farajtabar	  et	  al.,	  NIPS	  2014]	  

We	  represent	  messages	  using	  nontermina@ng	  
temporal	  point	  processes:	  

t = 0 t = T

t

Recurrent	  event:	  

Time	  User	  

N1(t) 

N2(t) 

N3(t) 

N4(t) 

N5(t) 
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Recurrent	  events	  intensity	  

User’s	  
intensity	  

Messages	  on	  her	  	  
own	  ini@a@ve	  

Haw
kes	  process	  

N1(t) 

N2(t) 

N3(t) 

N4(t) 

N5(t) 

Cascade	  sources!	  

Influence	  from	  	  
user	  v	  on	  user	  u	  

Previous	  	  
messages	  by	  user	  v	  

Memory	  

[Farajtabar	  et	  al.,	  NIPS	  2014]	  
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Applica@ons:	  Models	  
1.   Informa@on	  propaga@on	  

2.	  Informa@on	  reliability	  
3.	  Knowledge	  acquisi@on	  



Informa@on	  reliability:	  an	  example	  
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Users	  learn	  from	  the	  	  
knowledge	  other	  users	  	  

contribute	  

Learning	  from	  the	  crowd	  (‘crowdlearning’)	  has	  
become	  very	  popular:	  

Knowledge	  is	  reviewed	  	  
by	  users,	  who	  can	  	  
verify	  or	  refute	  it	  

✗ 

Refutations	  and	  verifications	  
depend	  on	  the	  	  

source	  trustworthiness	  



Informa@on	  reliability:	  key,	  simple	  idea	  
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A	  source	  is	  trustworthy	  if:	  

Its	  contribu6ons	  are	  	  
verified	  more	  frequently	  

Its	  contribu6ons	  are	  	  
refuted	  more	  rarely	  

and/or	  

Challenge	  
At	  a	  6me	  t,	  a	  document	  
may	  be	  disputed	  	  

Verifica6ons:	  rarer	  
Refuta6ons:	  more	  frequent	  

✗ 
Over	  time,	  each	  document	  has	  	  

a	  different	  level	  of	  	  
inherent	  unrealibility	  

[Tabibian	  et	  al.,	  WWW	  2017]	  



Representa@on:	  temporal	  point	  processes	  
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✗ 

t = 0 t = T

t

NA(t) 

NR1(t) 

Statement	  addi@ons	  
(one	  process	  per	  document)	  

Statement	  refuta@ons	  	  
(one	  process	  per	  statement)	  

NR2(t) 

NR3(t) 

NR2(t) 

Statement:	   e	  =	  (s,	  	  	  	  t,	  	  	  	  	  τ)	  

source	  
refuta@on	  

@me	  

addi@on	  @me	   [Tabibian	  et	  al.,	  WWW	  2017]	  



Intensity	  of	  statement	  addi@ons	  
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NA(t) Statement	  addi@ons	  
(one	  process	  per	  ar@cle)	  

Ar@cle	  unreliability	  
(Mixture	  of	  Gaussians)	  

Effect	  of	  past	  refuta@ons	  
(topic	  dependent;	  topic	  weight	  wd)	  

Refuted	  statements	  trigger	  the	  arrival	  	  
of	  new	  statements	  to	  replace	  them	  

Temporal	  evolu6on	  of	  the	  	  
intrinsic	  reliability	  of	  the	  ar6cle	  

Intensity	  or	  rate	  
(Statements	  per	  @me	  unit)	  

[Tabibian	  et	  al.,	  WWW	  2017]	  



Source	  trustworthiness	  
(topic	  dependent;	  topic	  weight	  wd)	  

Ar@cle	  unreliability	  
(Mixture	  of	  Gaussians)	  

Intensity	  of	  statement	  refuta@ons	  
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✗ NR1(t) 

Statement	  refuta@ons	  	  
(one	  process	  per	  statement)	  

NR2(t) 

NR3(t) 

NR2(t) 

NA(t) Statement	  addi@ons	  
(one	  process	  per	  ar@cle)	  

Shared	  across	  statements	  of	  
an	  ar@cle!	  

The	  higher	  the	  parameter	  	  	  	  	  	  	  	  ,	  	  
the	  quickest	  an	  ar@cle	  gets	  refuted	  

Refuta@ons	  
happen	  only	  

once	  
Intensity	  or	  rate	  
(Statements	  per	  @me	  unit)	  

[Tabibian	  et	  al.,	  WWW	  2017]	  



Model	  inference	  from	  event	  data	  
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Events	  likelihood	  

Condi@onal	  intensi@es	  

Theorem.	  The	  maximum	  likelihood	  problem	  is	  
convex	  in	  the	  model	  parameters.	  

[Tabibian	  et	  al.,	  WWW	  2017]	  



Wikipedia	  ar@cle	  reliability	  
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Barack	  Obama’s	  Wikipedia	  Ar@cle	  
(Arrival	  of	  informa@on	  vs	  intrinsic	  unreliability)	  

Democra@c	  	  
nomina@on	  

US	  elec@ons	  

[Tabibian	  et	  al.,	  WWW	  2017]	  



Source	  trustworthiness	  
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bbc.co.uk	   breitbart.com	  

Poli@cs	  Poli@cs	  

Probability	  of	  refuta@on	  within	  6	  months	  in	  a	  
stable	  Wikipedia	  ar@cle	  

[Tabibian	  et	  al.,	  WWW	  2017]	  
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Applica@ons:	  Models	  
1.   Informa@on	  propaga@on	  
2.	  Informa@on	  reliability	  
3.	  Learning	  pakerns	  
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Learning	  pakerns:	  An	  example	  

1st	  year	  computer	  science	  student	  
Introduc6on	  to	  programming	  	  
Discrete	  math	  
Project	  presenta6on	  

t t 

For/do-‐while	  
	  loops	  

If	  …	  else	  

How	  to	  write	  
	  switch	   Private	  

func6ons	  

Define	  
	  func6ons	  

Class	  
	  inheritance	  

Class	  
	  destructor	  

Plot	  
library	  

Logic	  
 

Set	  theory	   Geometry	  

Graph	  Theory	  Powerpoint	  
vs.Keynote	  

Export	  
pptx	  to	  pdf	  

PP	  
templates	  
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Learning	  pakerns:	  content	  +	  dynamics	  

1st	  year	  computer	  science	  student	  
Introduc6on	  to	  programming	  	  
Discrete	  math	  
Project	  presenta6on	  

t t 

Content	  +	  Dynamics	  =	  Learning	  pa4ern	  	  
programming	  +	  semester	  

	  math	  +	  semester	  
	   	  presenta@on	  +	  week	  
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People	  share	  same	  learning	  pakerns	  

Introduction to programming  
Discrete math 
Project presentation 

t t 

...

How	  can	  we	  identify	  the	  	  
learning	  pattern	  each	  	  
event	  belongs	  to?	  
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Learning	  events	  representa@on	  

We	  represent	  the	  learning	  events	  using	  marked	  
temporal	  point	  processes:	  

t = 0 t = T

Task Task 

t

(tn, pn, qn)Learning event: 

Learning pattern 
(hidden) 

Time Content 

pn
Nu,`(T ) = 9

[Mavroforakis	  et	  al.,	  WWW	  2017]	  
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Learning	  pakern	  intensity	  

t = 0 t = T

Task Task 

t

�⇤
u,`(t) = µu⇡` +

X

j:tj2Hu,`(t)

k✓`(t� tj)

New	  task	   Follow-‐up	  

Learning	  pacern	  
popularity	  

New	  task	  
rate	  

Memory	  

Haw
kes	  process	  

Intensity	  	  
or	  rate	  	  

(events	  /	  hour)	  
[Mavroforakis	  et	  al.,	  WWW	  2017]	  
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User	  learning	  events	  intensity	  

Users	  adopt	  more	  than	  one	  learning	  pacern:	  

A	  user’s	  learning	  events	  as	  a	  mul6dimensional	  Hawkes:	  

t

(tn, pn) ⇠ Hawkes

0

B@
�⇤
u,1(t)
...

�⇤
u,1(t)

1

CA

Learning	  pacern	  Time	  

Content	   qn ⇠ P (·|✓pn)

#	  of	  learning	  patterns	  is	  infinite.	  
Efficient	  model	  inference	  using	  

Sequential	  Montecarlo!	  

[Mavroforakis	  et	  al.,	  WWW	  2017]	  



SEP MAR SEP MAR SEP MAR SEP MAR

SEP MAR SEP MAR SEP MAR SEP MAR

In
te
ns
ity

	  

Learning	  pakern	  (I):	  Version	  Control	  

Version	  control	  tasks	  tend	  to	  be	  specific,	  
quickly	  solved	  aAer	  performing	  few	  ques@ons	  

Intensi@es	  Content	  

31 

[Mavroforakis	  et	  al.,	  WWW	  2017]	  



SEP MAR SEP MAR SEP MAR SEP MAR

SEP MAR SEP MAR SEP MAR SEP MAR

Learning	  pakern	  (II):	  Machine	  learning	  

Machine	  learning	  tasks	  tend	  to	  be	  more	  
complex	  and	  require	  asking	  more	  ques@ons	  

Intensi@es	  Content	  

32 

[Mavroforakis	  et	  al.,	  WWW	  2017]	  



Types	  of	  users	  

Loyals	  

Explorers	  

SEP MAR SEP MAR SEP MAR SEP MAR

In
te
ns
ity

	  

SEP MAR SEP MAR SEP MAR SEP MAR

SEP MAR SEP MAR SEP MAR SEP MAR

In
te
ns
ity
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[Mavroforakis	  et	  al.,	  WWW	  2017]	  
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1.	  Intensity	  func@on	  
2.	  Basic	  building	  blocks	  
3.	  Superposi@on	  
4.	  Marks	  and	  SDEs	  with	  jumps	  

REPRESENTATION:	  TEMPORAL	  POINT	  PROCESSES	  
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2.	  Informa@on	  reliability	  
3.	  Knowledge	  acquisi@on	  

Next	  

Slides/references: learning.mpi-sws.org/ijcai-2017-tutorial 

APPLICATIONS:	  CONTROL	  
1.	  Ac@vity	  shaping	  
2.	  When-‐to-‐post	  


