




	 	 Data processing and networks: Basics in Graph Signal Processing  


The question for this lecture: how to mimic Signal Processing for data on graphs ?



Hence, in 1 slide: what is Signal processing ? 
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Key lessons from Signal processing: 
 

Representation of data is important •
 
 
 
 
 

Know how to write observation models •
  
 
 
 
 

Two types of tools are required: •
 

Exploratory data analysis (know how to better display information) ◦
 

Exact tools for inference (know to best extract information, with statistical confidence)  ◦
 
. The golden triangle of Signal processing 
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Harmonic analysis on graphs 
 
1) Definitions and notations 
A graph is a pair with a set of vertices (or nodes) V and a set of edges (or links) E

 















Many properties can be studied through linear algebra
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2) Regularity and the Laplacian operator

Let us consider a function (some data) on the graph :











We want to define the derivatives (or gradients) on the graph











Then, we could have a complete Discrete calculus on graphs, e.g. a divergence operator












































































f V R tre aria
remeumh if Card NI

l fou config

thentheimageofvthraeghfisaveetafstfun

fhDVcuvc.VN 0f44 Fw fw fla Rf Fw ferweights
The operator gradientmapsfunction ou V to objects on E

FAI v

Fog E R Ki g a Ça Était ÊFËÊKD 4fr
elung ÎÀo

In matrixform div where
y EIR1

is called theinematrix
Also we can remark that pdir OTST hencelvu.IT



Definition: the Laplacian operator of a undirected graph is defined as 
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2 Normalized Laplacian
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Spectral analysis on graphs:

Thanks to the Laplacian, one can define a spectral domain and a Fourier transform on G
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Examples of Fourier modes ; oscillation and smoothness  
 
[Tremblay, PB] 
 
 
 
 
 
 
 
 
 
 
 
 
 
[Tremblay, Gonçalves, PB, 2017] 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

[Vandergheynst & Shuman, 2013] 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 





Functional calculus on graph

Objective: define the effect of function on graph data

















Example: define a diffusive process on a graph















































































[Ricaud et al., 2019]
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Filtering of graph data

Definition









































Example [Tremblay, Gonçalves, PB, 2017]


























































Recovery from noisy data (as an inverse problem)








































































































Graph embedding with harmonic analysis









































































