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GeEng	  ready	  

1.	  Install	  CVX	  for	  MATLAB	  /	  cvxpy	  for	  Python	  

import	  cvxpy	  as	  CVX	  
x	  =	  CVX.Variable(n)	  
constraints	  =	  [	  
	  	  f(x)	  <=	  0,	  
	  	  A	  *	  x	  –	  b	  ==	  0	  
]	  
prob	  =	  CVX.Problem(	  
	  	  	  	  	  	  	  	  
CVX.Minimize(f0(x)),	  
	  	  	  	  	  	  	  	  constraints)	  
prob.solve()	  

http://cvxr.com/cvx/download/ 
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Outline	  

Part	  II	  Part	  I	  

Hawkes	  Process	  
[Aalen	  et	  al.,	  Springer	  2008]	  
	  

NetRate	  
[Gomez	  Rodriguez	  et	  al.,	  ICML	  
2011]	  

Point	  Processes	  è	  Simula<on	  and	  es<ma<on	  

Informa<on	  Diffusion	  
	  

Social	  Ac<vity	  
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The	  likelihood	  of	  a	  cascade	  by	  Tme	  T	  is:	  

MLE	  es<ma<on:	  

Task	  I	  



Task	  I	  

https://github.com/Networks-Learning/mlss-2016 
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Part	  II	  Part	  I	  

Hawkes	  Process	  
[Aalen	  et	  al.,	  Springer	  2008]	  
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Ogata’s	  algorithm	  
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Ogata’s	  Algorithm:	  

Task	  II	  

[Ogata,	  1981]	  

Algorithm 1 E�cient Model Simulation

Initialization: nup = 0 for u = 1, . . . , |V|, p = 1, . . . , |P|
1: I⇤  I |V|⇥|P|(t

0

) P|V|
u

P|P|
p �u

p(t0)
Generate first event:
2: Generate q ⇠ U

[0,1] and s t
0

� 1

I⇤ ln(q)
3: if s > T , then go to last step.
4: else Attribution Test:

i) Sample d ⇠ U
[0,1]

ii) Choose u and p such that Iup�1
(t0)

I⇤ < d  Iup
(t0)

I⇤

iii) Set t
1

 tup
1

 s, i 1 and nup  1
General subroutine:
5: while s < T do
6: I⇤  I |V|⇥|P|(ti) +

P|P|
pl au

pl +
P

u02N (u) b
u0
pl

7: Generate q ⇠ U
[0,1]

8: Update s ti � 1

I⇤ ln(q)
9: if s > T , then go to last step
10: else Attribution-Rejection Test:

i) Sample d ⇠ U
[0,1]

ii) if d  I|V|⇥|P|
(s)

I⇤ , then
- Choose u and p such that

Iup�1
(t0)

I⇤ < d  Iup
(t0)

I⇤

- Set ti+1

 tupnup
+1

 s, i i+ 1
and nup  nup + 1

iii) else
- Update I⇤  I |V|⇥|P|(s) and go to step 8.

end while
11: Output: Retrieve the simulated process

({tupi })u=1,...,|V|,p=1,...,|P| on [t
0

, T ]

Then, we can formulate the regularized MLE problem as:

minimize
µ,A,B

� L(µ,A,B) + �R(µ,A,B),

subject to µp � 0,
(18)

where the first term is the negative log-likelihood of the
events and the second term is the regularization term, being
� the parameter that controls the trade-o↵ between these
two terms. As long as we choose a convex regularizer1, it is
easy to show that this regularized MLE problem is jointly
convex in µ, A and B by using linearity, composition rules
for convexity, and the concavity property of the logarithm.
Hence, the global optimum can be found by many well-
known algorithms [?, ?]. In practice, we solved Eq. 18 with
CVX, a software package for specifying and solving convex
programs [?].

For simplicity, we have described the model using the same
model parameters, µ, A and B, for all users. However, in
our experiments, we will use di↵erent model parameters, µu,
Au and Bu, for each user. By doing so, we can decompose
the model estimation procedure into |V| ⇥ |P| independent
maximum likelihood estimation problems, one per user u
and product p. We can solve each subproblem in paral-
lel, obtaining local solutions that are globally optimal, and
precompute all sums of triggering kernels and integrals of
triggering kernels for each subproblem in linear time, i.e.,
O(|Hu(T )|+ |[v2N (u) Hv(T )|), by exploiting the properties
of the exponential function, similarly as described in Sec-
tion 3. As a result, our model estimation procedure scales

1We found a quadratic regularizer, R(µ,A,B) = kµk2
2

+
kAk2

2

+ kBk2
2

, to work well in practice.

Algorithm 2 Ogata’s Algorithm

1: Input: �
0

, ↵ and T
2: Initialize: n 1, �⇤  �

0

Generate first event:
3: Generate q ⇠ U

[0,1] and s � 1

�⇤ ln(q)
4: if s > T , then go to last step.
5: else Set t

1

 s and n n+ 1,
General subroutine:
6: while s < T do
7: Update �⇤  �(tn�1

) + ↵
8: Generate q ⇠ U

[0,1] and s tn�1

� 1

�⇤ ln(q)
9: if s > T , then go to last step
10: else Rejection Test:

Sample d ⇠ U
[0,1]

if d  �(s)
�⇤ , then tn  s and n n+ 1

else update �⇤  �(s).
end while

11: Output: Retrieve the events ({tn}) on [0, T ]
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Figure 2: Performance of our model estimation
method in three Kronecker networks. We set the
number of nodes in the three networks to 512 users
and the number of edges to 2,040 (Core-Periphery),
4,608 (Hierarchical) and 7,669 (Random).

to networks on the order of hundreds of thousands of nodes.

5. EXPERIMENTS
In this section, we validate our model using both syn-

thetic and real-world networks and product use event data.
We first demonstrate that our model estimation method can
accurately recover the true model parameters from histori-
cal event data using synthetic data. We then show that
our model can accurately predict product use events in real-
world data gathered from Twitter [?], significantly outper-
forming a state of the art method [?] and two baselines. We
conclude using our model to derive insights into some of the
factors driving product adoption and frequency of use, i.e.,
social influence, recency and product competition.

5.1 Experiments on synthetic data
Experimental setup. We generate three types of syn-
thetic networks using a well-known model of directed social
networks, the Kronecker graph model [?]: (i) core-periphery
networks [?] (parameter matrix: [0.9, 0.5; 0.5, 0.3]), (ii) hi-

erarchical networks [?] ([0.9, 0.1; 0.1, 0.9]), and (iii) random

networks ([0.5, 0.5; 0.5, 0.5]). Then, for each network, we as-
sume there are two competing products, and set the model
parameters for each product and node in the networks as
follows. First, we draw {au

pp} and {bupp} from U(0, 1) and
{au

lp}l 6=p and {bulp}l 6=p from U(�1, 1). Then, we allow for a
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Figure 2: Performance of our model estimation
method in three Kronecker networks. We set the
number of nodes in the three networks to 512 users
and the number of edges to 2,040 (Core-Periphery),
4,608 (Hierarchical) and 7,669 (Random).

to networks on the order of hundreds of thousands of nodes.

5. EXPERIMENTS
In this section, we validate our model using both syn-

thetic and real-world networks and product use event data.
We first demonstrate that our model estimation method can
accurately recover the true model parameters from histori-
cal event data using synthetic data. We then show that
our model can accurately predict product use events in real-
world data gathered from Twitter [?], significantly outper-
forming a state of the art method [?] and two baselines. We
conclude using our model to derive insights into some of the
factors driving product adoption and frequency of use, i.e.,
social influence, recency and product competition.

5.1 Experiments on synthetic data
Experimental setup. We generate three types of syn-
thetic networks using a well-known model of directed social
networks, the Kronecker graph model [?]: (i) core-periphery
networks [?] (parameter matrix: [0.9, 0.5; 0.5, 0.3]), (ii) hi-

erarchical networks [?] ([0.9, 0.1; 0.1, 0.9]), and (iii) random

networks ([0.5, 0.5; 0.5, 0.5]). Then, for each network, we as-
sume there are two competing products, and set the model
parameters for each product and node in the networks as
follows. First, we draw {au

pp} and {bupp} from U(0, 1) and
{au

lp}l 6=p and {bulp}l 6=p from U(�1, 1). Then, we allow for a
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Events	  likelihood	  Condi<onal	  
intensity	  rate	  

Maximum	  likelihood	  
approach	  to	  find	  	  
model	  parameters!	  

[Farajtabar	  et	  al.,	  NIPS	  2014]	  

max

↵,�0

L(t1, . . . , tn)

Task	  II	  
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Downloads	  

NetRate: 
Paper: http://www.mpi-sws.org/~manuelgr/pubs/netrate-icml11.pdf 
Code: https://github.com/Networks-Learning/netrate 
 

Hawkes	  Process: 
Slides: http://lamp.ecp.fr/MAS/fiQuant/ioane_files/HawkesCourseSlides.pdf 
Code: https://github.com/dunan/MultiVariatePointProcess 
 
 
 CVX: 
Slides: http://web.stanford.edu/class/ee364a/lectures/cvx_tutorial.pdf 
Code: http://cvxr.com/cvx/download/ 
 


