
Machine intelligence and network science

for complex systems big data analysis

Carlo Vittorio Cannistraci

Center for Complex Network Intelligence (CCNI) 
Tsinghua Laboratory of Brain and Intelligence

1



Center for Complex Network Intelligence (CCNI)

Carlo Vittorio Cannistraci

Chair Professor and Chief Scientist 

Period at THBI: 2020 - Now

2



What is the difference between graphand network? 
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Modular gateway-ness connectivity and structural core organization in maritime network science. 
Mengqiao Xu, Qian Pan, Alessandro Muscoloni, Haoxiang Xia and Carlo Vittorio Cannistraci. 
Nature Communications 2020

The modular gateway-ness connectivity of maritime networks 
follows a core organization paradigm similar to brain networks

(2020)
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https://www.nature.com/articles/s41467-020-16619-5


The discovered bacteria-metabolite network affected in gastric environment 

of dyspeptic patients. 

Nonlinear machine learning pattern recognition and bacteria-metabolite multilayer network 

analysis of perturbed gastric microbiome. 

C Durán, S Ciucci, é and Carlo Vittorio Cannistraci

Nature communications 12 (1), 1-22, 2021 

(2021)

©  MPI f. Infection 
Biology

©  P.M. Motta & F. Carpino/Sapienza 
University of Rome/Science Source

Gastric microbiota 
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https://scholar.google.com/citations?view_op=view_citation&hl=en&user=b7xoXO0AAAAJ&sortby=pubdate&citation_for_view=b7xoXO0AAAAJ:JoZmwDi-zQgC


November 
2022
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1. Introduction to network analysis and models 

2. Network geometry, AI and applications

3. Tomorrow: 
3.1 Network science for Sparse deep learning 
3.2 Neuromorphic Computing

OUTLINE  of the talk 
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Crisis:I was a Master student in 2002 

Crisis:Why is brain connectivity sparse?

Artificial Neural Network (ANN) Brain Connectivity

Vs.
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ICLR2024 evaluation: avg. score 7.33, ranks 326/2261 accepted (in the top 15%)

YingtaoZhang
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How the topology evolves during the epochs 
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https://www.youtube.com/watch?v=b5lLpOhb3BI

https://www.youtube.com/watch?v=b5lLpOhb3BI


Crisis:I was a Master student in 2002 

Crisis:Why is brain connectivity sparse (topology)?
Crisis:What is the contribution of morphology?

Artificial Neural Network (ANN) Brain  Morphology

Vs.
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Nature Electronics 2024 Accepted

Dr. E. Baek
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1. Introduction to network analysis and models 

2. Network geometry, AI and applications

3. Tomorrow: 
3.1 Network science for Sparse deep learning 
3.2 Neuromorphic Computing

OUTLINE  of the talk 
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Artistic 
representation 
of the topics 

of today

https://menchelab.com/higher-order-networks-and-the-
topology-of-data
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Artistic 
representation 
of the topics 

of today

Understanding the rule of association generating the networks
(direct problem)

(inverse problem)
Given the network can we reverse the rules of association
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Generative models in Network Science

Model

Input

parameters

properties of real 

complex networks

Analytical
or

Algorithical 
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Average 

Clustering Coefficient

Average Degree 

Average degree 
distribution

Three basic  properties of real complex networks

Average 

Shortest path length
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For a network with N nodes
Average Clustrer Coefficinet = ʅi C(i)/N

Average cluster coefficient

Cluster 
coefficient
of a node (i)

C(i)  
i

=
k

# Links 
between 
neighbors 

All 
possible 

Links 
between 
neighbors 

=
ά
ς

=
m*(m-1)/2

k
C(i)  

m = 4 nodes 
neighbors
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L= ʅSP(x,y)/N

Small wordness Ą L(N) ~ log (N)

Average Shortest path length

x

y
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P(k) = exp(-k)  [slim tale]

scale free ĄP(k) = k^(-Ωύ  [fat tale]

k
K (i) = # neighbors of i

Average degree and degree distribution

degree
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Generative models

ErdŖs-Rényi Watts-Strogatz Barabási -Albert

Clustering Ƅ R Ƅ

Small-world R R R

Scale-free Ƅ Ƅ R

degree degree degree
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)

Binomial Power-lawBinomial

1959 1998 1999
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Generative models

ErdŖs-Rényi Watts-Strogatz Barabási -Albert

Clustering Ƅ R Ƅ

Small-world R R R

Scale-free Ƅ Ƅ R
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1. Introduction to network analysis and models 

2. Network geometry, AI and applications

3. Tomorrow: 
3.1 Network science for Sparse deep learning 
3.2 Neuromorphic Computing

OUTLINE  of the talk 
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2012

H2 in polar coordinates
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Generative model for realistic complex networks

PSO model

Geometry

Synthetic network with:

- Clustering

- Small-word

- Scale-free

Topology
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Euclidean (soft) ??????

Clustering R R

Small-world R R

Scale-free Ƅ R

Problem

Generative models in geometric space
(soft random geometrical graph)
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Euclidean (soft) Hyperbolic

Clustering R R

Small-world R R

Scale-free Ƅ R

Generative models in geometric space
(soft random geometrical graph)
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PSO model Hyperbolic distance

Radius Angular distance

A

AR

R
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PSO model 

Popularity Similarity

Hyperbolic distance

Radius Angular distance

A

AR

R
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PSO model 

Popularity Similarity

Hyperbolic distance

Radius Angular distance

Node degree 

centrality

Node topological

proximity

R

A

AR
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PSO model 

Popularity Similarity

Hyperbolic distance

Radius Angular distance

Node degree 

centrality

Node topological

proximity

Hierarchy Clustering

R

A

AR
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PSO model 

Popularity Similarity

Hyperbolic distance

Radius Angular distance

Node degree 

centrality

Node topological

proximity

Hierarchy Clustering

Time growth Space

R

A

AR
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PSO model 

Popularity Similarity

Hyperbolic distance

Radius Angular distance

Node degree 

centrality

Node topological

proximity

Hierarchy Clustering

Time growth Space

Time-space evolution of complex systems

R

A

AR
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PSO model

Popularity-Similarity -Optimization 

(PSO) model 

Input parameters:

╝= number of nodes

□ = half of the average node degree

╣= temperature (inversely related to clustering)

♬= exponent of the power-law degree distribution

ὴὬ
ρ

ρ Ὡὼὴ
Ὤ Ὑ
Ὕ

Papadopoulos et al., Nature, 2012. 35



The model has four input parameters:
□ π, which defines the average node degree Ὧ ςά, 
‍ᶰ πȟρ the exponent ♬ ρ ρȾ‍of the power law degree distribution,
╣ π, which controls the network clustering, 

‒ ὑ π, where ╚is the curvature of the hyperbolic plane. K generally fixed to -1

(1) all existing nodes Ὦ Ὥincrease their radial coordinates according to ►▒░ ♫►▒ ♫►░in order to 

simulate popularity fading;

(2) The new node picks a randomly chosen existing node and connects to it with:

probability:  ▬▐░▒ Ⱦ ▄●▬▐░▒ ╡░Ⱦ╣

Generation of synthetic networks by the PSO model 

PSO model
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Fermi-Dirac
▬▐░▒

▐░▒
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Generative model for realistic complex networks

PSO model

Geometry

Synthetic network with:

- Clustering

- Small-word

- Scale-free

Topology
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Problem 1

(inverse problem)
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Given the network topology (just connectivity) 
can we reverse the location of its nodes on the manifold?
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Given the network topology (just connectivity) 
can we reverse the location of its nodes on the manifold?

inverse problem

Geometry (Hyperbolic) Network
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Inverse problem in real networks

?

Geometry

real network

Topology

?
? Angular coordinates = node similarity ?

Radial coordinate ok!
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ÅMaximum likelihood estimation

ÅInfer the coordinates maximizing the likelihood that
the network has been generated by the PSO model (not 
community organization)

HyperMap (2015)
(Model-based)

IEEE/ACM TRANSACTION ON NETWORKINGIEEE/ACM TRANSACTION ON NETWORKING
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Many limitations:

oTime complexity O(N3) ïO(N4)

oUnweighted networks

oOnly 2D-space

oNot community organization

IEEE/ACM TRANSACTION ON NETWORKING
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Intuition (2012)

using nonlinear dimension 
reduction unsupervised 

machine learning methods

Isomap
(manifold embedding)

MCE
(hierarchical embedding)

Original Network
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Why did I generate this intuition?

Modelinginteractome: scale-free or geometric?

NatasatǊȌǳƭƧ, DG Corneil, I Jurisica, Bioinformatics20 (18), 2004

Fitting a geometric graph to a proteinςprotein interaction network

DJ Higham, M wŀǑŀƧǎƪƛ, NatasatǊȌǳƭƧ, Bioinformatics24 (8), 2008

Network Biology was already discussing about this issue
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https://scholar.google.com/citations?view_op=view_citation&hl=en&user=mLIsLdAAAAAJ&citation_for_view=mLIsLdAAAAAJ:u-x6o8ySG0sC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=mLIsLdAAAAAJ&citation_for_view=mLIsLdAAAAAJ:Tyk-4Ss8FVUC


How to address problems of data nonlinearity

47



Principal component analysis PC1
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Nonlinear Dimension Reduction

ÅKernel based

{example: Gaussian-PCA}

Issue 2: presence of free parameters to tune!!!

Tenenbaumet al. ïScience, 2000

x
x

y

y

z

Issue 1: Hypothesis of local continuity of the manifold 

z

Issue 2: presence of free parameters to tune!!!

Issue 1: difficulty to know the correct kernel  

Manifold based
{example: Isomap}
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General principles of organization of complex system
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The inspiration (2008)
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The inspiration (greedy navigability)

Boguñáet al., Nature Physics 2008

The observed topological properties arise from
a hidden geometric space underlying the network

Important message
Navigating on the network

is like navigating in the valley
and hills of the hidden 

geometrical space
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How MC works: Navigating between the points with a greedy 
routing process: the minimum spanning tree (MST)!

The greedy routing navigability is a way to map the hidden nonlinear topology

For MC: The global mappingand the local fitting are reciprocally dependent

MC Minimize globally and fit locally!

MC óDistanceô

-

- -

- - -

- - - -

A
BMC Distance 

Matrix

V1

V2

Euclidean Distance
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Nonlinear topological-based Dimension Reduction

Isomap
(manifold embedding)

Minimum Curvilinear 
embedding (MCE)

(hierarchical embedding)
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Radar Signal Dataset
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The crescent-moon obsession

Similarityordering
of the samples !

Direction of maximum MC nonlinear similarity
in the multidimensional space

MCE
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ECCB 2010, Ghent, Belgium
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ISMB/ECCB 2013, Berlin, Germany, July 2013
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Intuition (2012)

using nonlinear dimension 
reduction unsupervised 

machine learning methods

Isomap
(manifold embedding)

MCE
(hierarchical embedding)

Original Network
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ÅRepulsion-Attraction (RA) - local

ὼ
ρ Ὡ Ὡ ὩὩ

ρ ὅὔ

Pre-weighting rules
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ÅRepulsion-Attraction (RA) - local

ὼ
ρ Ὡ Ὡ ὩὩ

ρ ὅὔ

ÅEdge-Betweenness-Centrality (EBC) ïglobal

ὼ
ȟ

„ίȟὸȿὰ

„ίȟὸ

Pre-weighting rules
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Coalescent Embedding (2017) - (Model-free)

62



Results
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Testing on the benchmark

PSO model

Geometry

Synthetic network

Topology Geometry

?
Angular coordinates 

Radial coordinate

network
embedding

network
generation

64



Testing on the benchmark

PSO model

Geometry

Synthetic network

Topology Geometry

?
Angular coordinates 

Radial coordinate

Compare to 

the reference

network
embedding

network
generation
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Evaluation on PSO networks

Original
network

Embedded
network

Pairwise
Hyperbolic Distances

Pairwise
Hyperbolic Distances

HD-Correlation
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Evaluation on PSO networks: embedding quality
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Time complexity ~ O(N2)

Evaluation on PSO networks: computational time
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Karate

Opsahl
11

Community detection
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