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Faca muitas perguntas
Somos todos humanos



Plano de Aula

Matrizes e Grafos
Matriz de Adjacéncia tem importancia profunda

Normalizando matrizes de adjacéncia W.

— Matrizes estocasticas P
— Grafo vira cadeia de Markov

Multiplicacao de matrizes permite difusao no grafo
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Plano de Aula

Hoje, 3/Julho/2013

Grafos e o conceito de PageRank

Grafos como Cadeias de Markov

Matrizes de Adjacéncia Estocasticas

PageRank como limite de um processo de Markov
PageRank como autovetor da matriz de Markov

Metodo das poténcias para autovetores
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Grafos e PageRank



PageRank
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Redes Sociais

Rede de Amizades do Facebook

Wllson Gi@ngeiro Jr.
na Tella

r‘1 Ribas
“Fel||p|
Vlt@; Bueno

L _'_. Correia
lWiccl Marteniuk

Eﬁl’iss.

Libby P plal:
Simon @
Gi A
|ovanr;%u-§1‘gﬁ

Rosime
Tarita Adam..f%err;

Chik )

Uccas arg%m
S Q]2 S Era 4 =
) i Roveri

Matheus@ong “'EFOSFLEE"R’ i 3 ;
d el Sena s Bl 3 qurquim
i

onsoli

Josiane .uchesl(/i
d@Corréa
aa Eﬁa Wodesto

7, Ma
; Taynaraphl
Clarice Igtdlewasp"?‘lomag’%F
iras'Lo ulﬁelgua .-r.m
uevo

Renata S FeI .
Selma sou23 af’m!' ure| % i “nAS ol .
A gwyama i@ rois
Denis@Xavier

Leonarhq K b "Matalla@

Tavare
NiTo Bnewo I|noSEEIgue|ras
Maria
Gabriel@Thurmé
Felipegabral
Vilsonlvieira

Priscila Guar ,_a onategw
4 R|card % 3 a
Edson réa LT u? er|a
.gra > . eEr.arlltJ}ORﬁzC.?te uj Fab
J Mz a Costa

) iLopes rani-Kaigwa
Mariana ;.m@ro S dia Guapa %ﬁaio &8

Francis€ip Lopes
@ prnth‘M

%
¥

Q«,mmsuy,
=}
<)
=

© esago &

&

10 g 1

9 &



1alS

Redes Soc

Rede de Postagens e Curtidas




FIGURE

A 3D Model of a Scene Is Generated from Photographs

Crandall & Snavely ACM Queue 2012
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6 Grafo de Similaridades Locais
(D)
Photo Network for Finding Representative Images

From: Noah Snavely et al.



FIGURE

Como as Arestas sao Formadas
SIFT Feature Matching

(b) input photo with extracted
(a) input photograph SIFT features superimposed

(c] a pair of overlapping images shown side-by-side
with matching features connected by black lines
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From: Noah Snavely et al.



Difusao Global Nessa Rede..?

From: Noah Snavely et al.



FIGURE

Pose Network

image pair with matching features

50°05'N 14°25°E

relative camera poses

S0°01'N 14°22°E
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S0°03'N 14°27°E

From: Noah Snavely et al.
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From: Noah Snavely et al.



An image graph for this photo collection.
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Our computed skeletal graph.

From: Noah Snavely et al.
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Outros Exemplos de Redes Grandes

Web: centenas de bilhGes de paginas

Redes de distribuicao: energia elétrica, petroleo
Redes de transportes: rodovias, ferrovias
Redes de reacOes quimicas

Redes de fotos cobrindo um determinado lugar
Redes de similaridade

Maquinas de estado / Autbmatos
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PageRank

* NOs terminais sao munidos de arcos virtuais a todos
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Velocidade de Convergéncia

o _ [0-65 035 o_ [0-85 0.15
~ 10.35 0.65 ~ 10.15 0.85
A =1, Ay=0.3 M =1, A=0.7
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PageRank
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PageRank
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Outros Aplicacoes de Ideias Similares

* Aprendizado de Maquina

 Fazer um Rob0 aprender a andar automaticamente

 Reconhecimento de Faces sob variacoes de pose
— Grafo de similaridades locais

— Processo de Markov integra distancias globais

— Autovetores permitem direcionar analise, filtrar, etc.
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Fim de Aula



Feature Column from the AMS
| (D) [ 2] @ www.ams.org
mail Apple iCloud Facebook Twitter Wikipedia News~¥ Popular ¥

Algebra Linear Numerica - Wiki

@ AMERICAN MATHEMATICAL SOCIETY | 0 & L

FEATU RE COLUMN Monthly essays on mathematical topics

 £] S |

How Google Finds Your Needle in the Web's
Haystack

As we'll see, the trick is to ask the web itselfto rank the importance of pages...

David Austin
Grand Valley State University
david at merganser.math.gvsu.edu =1

= Mail to a friend Print this article

Imagine a library containing 25 billion documents but with no centralized organization and no
librarians. In addition, anyone may add a document at any time without telling anyone. You may feel
sure that one of the documents contained in the collection has a piece of information that is vitally
important to you, and, being impatient like most of us, you'd like to find it in a matter of seconds. How
would you go about doing it?

Posed in this way, the problem seems impossible. Yet this description is not too different from the
World Wide Web, a huge, highly-disorganized collection of documents in many different formats. Of
course, we're all familiar with search engines (perhaps you found this article using one) so we know
that there is a solution. This article will describe Google's PageRank algorithm and how it returns
pages from the web's collection of 25 billion documents that match search criteria so well that "google"
has become a widely used verb.

Feature Column from the AMS

Publications | Meetings | The Profession | Membership | Programs | Math Samplings | Policy & Advocacy | In the News |

Welcome to the
Feature Column!

These web essays are designed
for those who have already
discovered the joys of
mathematics as well as for
those who may be
uncomfortable with
mathematics.

Read more

Search Feature Column

Feature Column at a
glance

Galileo's
Arithmetic

April 2013

Papers Originais de Page & Brin
http://www.ams.org/samplings/feature-column/fcarc-pagerank
http://labmacambira.sourceforge.net/redes
http://www.youtube.com/watch?v=PHdnddIsjGM
Noah Snavely's website for 3D computer vision stuff

Restante: Ricardo Fabbri, Ph.D.
(c) creative commons share-alike
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