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Big Data & HPC 
 
 
Some characteristics:  
•  Telescopic scale rather than microscopic; 
•  The possibility to do things on a large scale that can not 

be done at small scale ; 
•  Once the data used, they are not outdated; 
•  Making “talk" data by focusing on what rather than 

why ; 
To study the huge amounts of data, new methods/tools/
models/… are needed.  
ü  Technique “out of core” of Google MapReduce which 

has been widely used in parallel computing . 
 



The heart of big data is the prediction :  
 apply mathematics to big data to derive probabilities. 

Methodology: search of correlation 

•  Spam email detection 
•  Correct spelling of a word detection 
•  Automatic translation 
•  … 

 

Big Data & HPC 
 
 

The research in HPC and more particularly in Exascale 
Computing, is more than ever necessary 



Aggregation of Google search data to estimate current 
flu activity in near real-time 

Big Data: flu epidemic 
 



PageRanking 
 



PageRank Google considers links to a page as the recommendation 
for this page; the recommendation of an important page counts more 
than the recommendation of a less important page.  

What is the most important page 
in this web of five pages? 

A 

E C 

B 

D 

Random walk in web of 5 pages 

Hypothesis:  Walk with uniform 
probabilities on the possible pages 
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What is the probability of being in a given page 
after a "long" walk? 

The position of the walker after the tth click depends only 
on the its position on (t-1)th click 

A P(     )=0 P(     )=0 B P(     )=1 C P(     )=0 D P(     )=0 E 

starting position 

A P(     )=1/3 P(     )=1/3 B P(     )=0 C P(     )=0 D P(     )=1/3 E 

1/3 first click 

A P(     )=1/6 P(     )=1/3+1/9 B P(     )=1/6+1/9 C P(     )=1/9 D P(     )=0 E 

1/3.1/3 

1/3.1/3  second click 
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Notations 
•  V a set of n pages (positions, stats) 

  Ex: V={A, B, C, D, E} avec n=5 

•  Xt∈ V the position of the walker at time t for t=0,1,2,… 

•  P(I|J) the probability that I occurs if J occurred 
 Ex: P(X1=A|X0=C) the probability that the walker be on 
 the page A starting from page C 

10	
  



Markov Chain 

•  {Xt, t=0, 1, 2,…} a random process taking its values in V 
 

•  Si P(Xt=i) for i ∈ V only depends to Xt-1 and doesn’t 
depend to Xt-2, Xt-3, Xt-4, …, then {Xt} is a Markov 
Chain. 
•  It is characterized by its initial state and a transition 

matrix given by:  
Pj,i=P(xt=j|xt-1=i) with Pj,i ∈ [0, 1] for all i,j∈V and ∑ i∈V Pj,i=1  

 

 The position of the walker after the tth click 
depends only on the its position on (t-1)th click 
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A B C D E 

A 0 1/2 1/3 1 0 

B 1 0 1/3 0 1/3 

C 0 1/2 0 0 1/3 

D 0 0 0 0 1/3 

E 0 0 1/3 0 0 

P = 

The columns represent the possible destinations (from the page C, the 
walker can only go to pages A, B and E). Non-zero elements on the 
lines indicate the origin (we can be on C if we come from B or E). 

The transition matrix of the web of 5 pages 
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0 1/2 1/3 1 0 

1 0 1/3 0 1/3 

0 1/2 0 0 1/3 

0 0 0 0 1/3 

0 0 1/3 0 0 

Stating Point: The walker is on the page C. 
 
Let P0 be the vector of probability representing this condition. 

P(x0=A) 
P(x0=B) 

P(x0=C) 

P(x0=D) 

P(x0=E) 

P0= =	
  

0 
0 

1 

0 

0 

P(x1=A) 
P(x1=B) 

P(x1=C) 

P(x1=D) 

P(x1=E) 

P1= =	
  

0 
0 

1 

0 

0 

1/3 

1/3 

0 

0 

1/3 

=	
  

After the first click:  
 P1= P. P0 
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0 1/2 1/3 1 0 

1 0 1/3 0 1/3 

0 1/2 0 0 1/3 

0 0 0 0 1/3 

0 0 1/3 0 0 

P(x2=A) 
P(x2=B) 

P(x2=C) 

P(x2=D) 

P(x2=E) 

P1= =	
  

1/6 

4/9 

5/18 

1/9 
 0 

1/3 

1/3 

0 

0 

1/3 

=	
  

After the 2th click:  
 P2= P. P1 = P. (P. P0) = P2. P0 

After the tth click:  
 Pt= P. Pt-1 = P. (P. Pn-2) = … =Pt. P0 

 
After an infinitely long walk? 
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A B C D E 

A 0 1 0 0 0 

B 1/2 0 1/2 0 0 

C 1/3 1/3 0 0 1/3 

D 1 0 0 0 0 

E 0 1/3 1/3 1/3 0 

PT
 = 

La transposé de la matrice de transition 

∑ j∈V PT
i,j=1  

1 

1 

1 

1 

1 

u= 

∑ i∈V PT
i,j.ui= ∑ i∈V PT

i,j.1 =1  

PT
 u= u: λ=1 is an eigenvalue of PT, u is its associated 

eigenvector and λ=1 is an eigenvalue of P 

15	
  



 

∀P0
i=P(X0=i), i∈ V avec ∑j∈V P0

i=1, the probability 
distribution Pt=P(Xt=i), i∈ V converges to the a 
stationary state π when t→∞: 

Pt=P(Xt=i)t→∞→ π pour i∈ V   
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The eigenvalues ​ ​of the transition matrix P of our example 
are: 

 1=λ1>|λ2|=|λ3|=0.70228>|λ4|=|λN=5|=0.33563 
 P.π= π  with 

12 

16 

9 

1 

3 

12 

16 

9 

1 

3 

/41 

During an infinitely long walk, walker will visit often the page B and 
less often the page D 
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Pt=P(Xt=i)t→∞→ π for i∈ V   

π /||π||= π = 
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12 

16 

9 

1 

3 

π = 

A 

E C 

B 

D 

Each page inherits its rank as those that link to it. 

rank(B)= 1/3 rank(C) +1/3 rank(E) + rank(A) 
   = (1/3).9 + (1/3).3 + 12=16 



Goal: to predict which individuals or groups of 
individuals most likely to spread an epidemic ? 

Epidemic Modeling 
 



Goal: Quick response and effective control of infectious disease 
propagation in order to help the vaccination campaigns in the actions 
carried out by healthcare organizations. 
 Homogeneous epidemiological models 
 
 
•  Each individual has equal contact to any other individual 
•  Rate of infection is determined by the density of the  infected 

 population 

²  These models allow to predict the epidemic threshold  
²  Good approximation of virus propagation where the contacts are 

 sufficiently homogeneous 

But the real network are not homogeneous 
 



Epidemiological models with any particular propagation topology 
 

A model predicting the epidemic threshold with a good accuracy 
for arbitrary network is proposed by Wang and al. The threshold is 
related to the largest eigenvalue of the adjacency matrix of 
considered network  

Epidemic Spreading in Real Networks: An Eigenvalue Viewpoint Y. 
Wang, D. Charkrabarti, C. Wang, C. Faloutsos 
 

Our objective 



Notations 
 
 λc  minimum infectiousness of a virus for invading a network   
ν   rate of infection of an individual in network   
δ   rate of curing an infected individual 
 

λ=ν/δ    effective spreading rate  
If λ ≥ λc  the infection becomes persistent  
if λ < λc  it dies out fast 
 



Proposed Pagerank-like model 
 
 
 
 

Pagerank-like model Pagerank model 
An individual in a social graph A webpage in a web graphe 
A virus A walker 
Propagation of the virus Promenade of the walker 
Pagerank of an individual is the 
probability to be infected by the virus in 
the course of epidemic 

Pagerank of a specific page is the 
probability of the presence of the walker 
on the page 



Mathematical formalism 
 
 
G=(V,E) directed graph where 
V set of individuals 
E set of outlinks between individuals (if i!j , j!i is not necessarily true) 
n number of individuals in G. 
dj number of links of individual j to other individuals 
d=(d1, …, dn) degree of graph 
 
 
 
 

A virus on individual i at step time t moves to individual j with the 
probability: 
Pj,i=P[st+1=j | st=i] is 1/di if i!j and is 0 otherwise 
 
 
 

where st the state of the virus at step time t. 
{st} is a Markov chain characterized by its initial state and a transition 
matrix P given by Pj,i=P[st=j | st-1=i] with Pj,i ∈[0,1] for i,j ∈V and 
∑i∈VPj,i=1. 
 



Mathematical formalism 
 
 
Frobenius theorem à λ=1 is the largest eigenvalue of the matrix P. 
Then, there is a stationary distribution for the final state of epidemic 
spread: Px=x. 
xi the probability that individual i be infected during epidemic 
x= (x1, x2 ,.., xn) the stationary distribution (infection vector) for the 
whole population is independent of starting distribution and verifies 
Px=x. 
The impact of infection vector x in social graph is similar to that of 
pagerank vector in web graph.  
 
 
 

Problem Solution 
Dangling individual add a loop to itself 

Small world 
non-uniqueness of ranking vector 

add a jumping vector to the random 
virus propagation process 



Computational algorithms 
 

A = αP + (1-α)vzT   

A is disease transition matrix 
v is the teleportation vector 
z is the vector (1, …, 1)T  
α (<1) damping factor 
1-α jumping rate; the probability for the virus to jump from any 
individual to any other individual in a social graph.  



Computa(onal	
  algorithms	
  
	
  



Experiments 
 
 

Grid5000 platform 
 
•  Cluster “Taurus”: 16 nodes2 cpus per node6 cores per cpu=192 cores 
•  Cluster “Graphene”: 144 nodes1 cpus per node4 cores per cpu=576 cores 
 
 
 
 

Parallel programming model 
•  Distributed computation 
•  Message passing MPI  



Experiments 
 
ba a real network graph collected at the Oregon router views 
stanford Graph representing pages (nodes) from Stanford University 
(stanford.edu) and directed edges represent hyperlinks between them. 
twitter Graph collected from 467 million Twitter posts from 20 million 
users covering a 7 month period from June 1 2009 to December 31 2009. 
yahoo This dataset contains URLs and hyperlinks for over 1.4 billion 
public web pages indexed by the Yahoo! AltaVista search engine in 2002. 
The dataset encodes the graph or map of links among web pages, where 
nodes in the graph are URLs.  

Graphs/matrices tests 



Experiments 
 Stochastic simulation using the infection vector 
Initialization 
•   Introduction of x% randomly infected individuals in social graph 
•   If (vaccination) x% randomly individuals in social graph 
Iterate 
1.   Individual infects each of its neighbors with  ν= 0.2 probability 
2.   If (individual is infected) then it tries to infect a non-neighbor individual with (1-α)= 0.2 
3.    probability 
4.   Each infected individual is cured with  δ=  0.24 probability 
5.    Go to 1 

Initialization             Pagerank-like Model 
•  Introduction of x% randomly infected individuals in social graph 
•  x% of most “important” individuals in infection vector is vaccinated 
Iterate 
1.  Individual infects each of its neighbors with  ν= 0.2 probability 
2.  If (individual is infected) then it tries to infect a non-neighbor individual with (1-α)= 0.2 

 probability 
3.  Each infected individual is cured with  δ=  0.24 probability 
4.    Go to 1 



Experiments	
  
	
  Stochastic simulation using the infection vector 

Time series of infection in an 7010-node power-law social graph ba, with  ν= 0.2,  δ= 0.24 
and x=5 



Experiments	
  
	
  

Convergence	
  behavior	
  for	
  the	
  281903	
  	
  X	
  281903	
  Stanford	
  matrix,	
  	
  α=	
  0:85	
  

Number	
  of	
  matrix	
  vector	
  products	
  for	
  the	
  281903	
  	
  281903	
  Stanford	
  graph	
  



Experiments	
  
	
  

Number	
  of	
  iteraGons	
  as	
  	
  grows	
  for	
  the	
  41652230	
  X	
  41652230	
  twiIer	
  graph.	
  



Experiments	
  
	
   Convergence	
  with	
  
different	
  
number	
  of	
  
shiLs	
  on	
  
twiIer	
  
graph,	
  where	
  
α=	
  0.85.	
  



Convergence with different size of subspace on twitter graph  
where α = 0.85. 



•  2 kg – more bacteria than human cells (60.1016) 
•  An unknown organ: intestinal microbiota 
•  Amount of sequence generated has increased 109 times in 

20 years.  

Big Data: microbiota (J.-M. BATTO - INRA MGP)  

 

bacteria	
  

pro+sts	
  

archae	
  

virus	
  

fungus	
  



Big Data: microbiota 

 
bacteria	
  =	
  ~3000	
  genes	
  

parasites	
  =	
  ~6000	
  genes	
  

Virus	
  	
  =	
  ~50	
  genes	
  

100 – 1000 individuals 

U
p 

to
 1

0 
m

ill
io

ns
 o

f  
ge

ne
s 

 
DNA preparation->Get Sequences->Compare to reference->Counting & analyzing 

 



Big Data: microbiota   
 

MetaProf→  
  energy efficiency multiplied by 4.7 with the GPU implementation 
 

genes	
  

ge
ne

s	
  

Correla(on	
  matrix	
  

ge
ne

s	
  

Coun(ng	
  matrix	
  

Matrix	
  106	
  genes	
  	
  
by	
  800	
  samples	
  

Samples	
  

Principal Coordinates Analysis applied on the matrices of distances 
between samples, concentrating the major variations in the samples in a 
small space implies using many linear algebra techniques.  

Numerical methods/algorithms & HPC techniques have to be 
defined/adapted to increase data-scalability.  



 
 
 

Concluding remarks and future work 
•  Conventional means of investigation are essential; 
•  Our predictions provide complementary solutions ; 
•  The virus/individual characteristics have to be 

integrated 
•  The impact of social graph structure on propagation of 

virus have to be extended 
For efficient computation solver, many problems arise: 
•  Methods / algorithms 
•  Data Processing  
•  Programming models for Exascale computing (graph 

computation, PGAS ...) 
• … 


