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1. Prediction of connectivity in sparse network 
structures

2. Dynamic sparse training in deep learning

3. 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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Crisis:I was a Master student in 2002 

Crisis:Why is brain connectivity sparse?

1. What is the computational advantage of connectivity sparsity in brain biology?

Artificial Neural Network (ANN) Brain Connectivity

Vs.
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Crisis:I was a Master student in 2002 

Crisis:Why is brain connectivity sparse?

1. What is the computational advantage of connectivity sparsity in brain biology?

2.  How to make profit of brain-inspired connectivity sparsity in ANN?

Artificial Neural Network (ANN) Brain Connectivity

Vs.
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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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Crisis:I was a Master student in 2002 

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

Artificial Neural Network (ANN) Brain cell coupling

Vs.
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Crisis:I was a Master student in 2002 

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

Artificial Neural Network (ANN)

Vs.

Brain Connectivity
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Donald OldingHebb
(July 22, 1904 ςAugust 20, 1985)

psychologist 

He is best known for his theory of Hebbian
learning, which he introduced in his classic1949
work TheOrganizationof Behavior. He hasbeen
describedas the father of neuropsychologyand
neuralnetworks.

neurons that fire together wire together 

changing 
weightes of 

the links 

Adding 
new links 

exploiting sparsity
(Epitopological Learning)

network learning 

My master student óObsessionô! 

(2002)
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Hownetwork connectivityinfluencefunction in complexsystems,in particularlearningand
intelligence. Butalsothe reverse.

Complex network intelligence

Shape1 Shape2

ConnectivityăĄ Function
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NETWORK TOPOLOGY MODELS AND MECHANISMS

link growth

How to model link connectivity in complex networks?
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Apr 2013

408
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Local Community Paradigm (LCP)
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ex ey

The LCP-trick:
how to covert 

classical neighbourhood
indices in 

local-community indices
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LINK PREDICTION IN BRAIN CONNECTOMES AND MORE
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LINK PREDICTION IN BRAIN CONNECTOMES AND MORE
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What is behind this performance in network connectivity prediction?
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LOCAL COMMUNITY PARADIGM (LCP) IN REAL NETWORKS

ex ey
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The LCP points out a dichotomy 
between

the structure of many real networks
(see figure below)
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LOCAL COMMUNITY PARADIGM IN IDEALISED NETWORKS

22



Claudio

PhineSimone

2015
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ex ey

Bipartite graph

Triadic closure

Monopartite graph

Triadic closure
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Zhou, T. et al., 2007. Bipartite network projection and personal recommendation. 
Phys Rev E Stat NonlinSoft Matter Phys, 76(4 Pt 2), p.46115. 
Network based inference (NBI, also known as ProbS) (tuning-free)

Zhou, T. et al., 2010. Solving the apparent diversity- accuracy dilemma of recommender systems. 
Proceedings of the National Academy of Sciences of the United States of America, 107(10), pp.4511ς5.
HeatS+ ProbS(one parameter to tune)

One-mode-projection

26



Bipartite projection via random-walk (BPR)
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From monopartite to bipartite

From triangles to quadrangles: From L2 to L3

DaminelliΣ Χ  ŀƴŘ CannistraciCommon neighbours and the local-community-paradigm for topological 
link prediction in bipartite networks. New J. Phys. (2015). 28
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CD-Based Indices
for 

Link Prediction in 
Complex Network

Tao Wang et al. 
Plos One 2016
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ώΧϐ ǘƘŜ best performing literature method, Cannistraci Resource Allocation (CRA), 
out of 23 different methods tested. 

2019
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Why is CRA  so powerful in link prediction?
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Understanding link prediction via geometrical space

How topology predict geometry

Geometry Topology
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Topological Automata: local rules that create collective intelligence
Epitopological learning on networks
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Local-ring network automata and the impact of hyperbolic

geometryin complexnetwork link-prediction

Network active/adaptive matter

Geometry and Self-organization
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CNs index is a network automaton that evaluates the sizeof the local tunnel

to estimate the likelihood to form a local ring

CRA index is a network automaton that evaluates the size and assess the existence of the local tunnel

to estimate the likelihood to form a local ring

Link prediction
based on 
Network
Automata

Interpretation of localsimilarity indicesaslocal-ring network automata
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Missing links test: 10% removal on nPSOmodel with 8 
communities synthetic networks

Real small size net

Real big size net
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CRA SPM
odlis 0.12 0.08

advogato 0.16 0.15
arxivastroph 0.53 0.67

thesaurus 0.08 0.07
arxiv hepth 0.22 0.27
ARK201012 0.16 0.11
facebook 0.11 0.10

mean precision 0.20 0.21
mean ranking 1.29 1.71

p-value 0.013

Missing links test: 10% removal test on largenetworks, till 40.000 nodes

Result: 5/7 for CRA
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CRA SPM
mean

precision

mean

ranking

mean

time

t2 t3 t4 t5 t6 t1 t2 t3 t4 t5

t1 0.11 0.12 0.13 0.14 0.14 0.08 0.09 0.09 0.10 0.11 CRA 0.13 1 1.2 h

t2 0.12 0.13 0.14 0.14 0.07 0.08 0.09 0.10 SPM 0.09 2 6.8 h

t3 0.12 0.13 0.14 0.08 0.09 0.10

t4 0.12 0.13 0.08 0.09

t5 0.12 0.09

Link prediction in time - test (15 predictions in total on 6 nets)
on ARK-2009-09 to ARK-2010-12 Internet networks
(20.000 to 30.000 nodes)

Internet networks t1 Ą Internet networks t2

Internet networks t1 Ą Internet networks t3

Internet networks t1 Ą Internet networks t6

...
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Missing links test: 10% removal on WS model 
(which is not power-law) synthetic networks
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Proposed Theory

June 2018
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