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for complex systems big data analysis

Carlo Vittorio Cannistraci

Center for Complex Network Intelligence (CCNI)
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Center for Complex Network Intelligence (CCNI)

Research philosophy

A transdisciplinary approach integrating information theory, machine learning and network science to
investigate the physics of networked adaptive complex systems at different scales, from molecules to
ecological and social systems, with a particular attention to brain/bio-inspired computing and complex big data
(focus on: neuroscience, biomedicine and social science) pattern recognition analysis.

Carlo Vittorio Cannistraci / 1. Theoretical topics \ 2. APP|IEd topics
Chair Professor and Chief Scientist . .
Period at THBI: 2020 Now 1.1 Network Geometry 2.1 Brain Networks & Network neuroscience
1.2. Network topology & network automata 2.2 Omic data analysis & design of multiomic
/7 as models of network self-organization biomarkers for precision medicine
.1.3. .Complex net.wo;k intelligence and Brain 2.3 Neuromorphic and unconventional
St B S BT inspired computing for Al computing for Al
Tsinghua Laboratory of Brain and Intelligence

1.4. Geometric Machine Learning
= } \ / 2.4 Social and Economical systems
2 ),
NEZS

Tsinghua University



What Is the difference betweemgraphand network?
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Modular gatewayness connectivity and structural core organizatiomiaritime network science

Menggiao Xu, Qian Pan, Alessandro Muscoloni, HaoxiarmgnXi@arlo Vittorio Cannistraci
Nature Communications 2020

The modular gateway-ness connectivity of maritime networks
follows a core organization paradigm similar to brain networks
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https://www.nature.com/articles/s41467-020-16619-5

Nonlinear machine learning pattern recognition and bacteria-metabolite multilayer network
analysis of perturbed gastric microbiome.
C Duran, S Ciucci, € @arloVittorio Cannistraci
Nature communications 12 (1), 1-22, 2021

The discovered bacteria-metabolite network affected in gastric environment
of dyspeptic patients.

Fudobacteria .
® B0 carvohydeates @) Amines — Production
@  Firmicutes - Consuptiom
| Y Amino acids Miscellaneous Do
@ Bictervidetes — Degradation
Proteot a A Glycolysis * In Fig9 and Fig10 —— Association

(2021)

Alanine, aspartate and
glutamate metabolism

Aminoacyl-tRNA biosynthesis Galactose metabolism Other significant pathways (9)


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

nature communications

Article

https://doi.org/10.1038/s41467-022-34634-6

Geometrical congruence, greedy navigability
and myopic transfer in complex networks
and brain connectomes

Received: 6 July 2020

Accepted: 1 November 2022

Carlo Vittorio Cannistraci ® 23458 g Alessandro Muscoloni ® 4

Published online: 27 November 2022

M) Check for updates

We introduce in network geometry a measure of geometrical congruence (GC)
to evaluate the extent a network topology follows an underlying geometry.
This requires finding all topological shortest-paths for each nonadjacent node
pair in the network: a nontrivial computational task. Hence, we propose an
optimized algorithm that reduces 26 years of worst scenario computation to
one week parallel computing. Analysing artificial networks with patent geo-
metry we discover that, different from current belief, hyperbolic networks do
not show in general high GC and efficient greedy navigability (GN) with respect
to the geodesics. The myopic transfer which rules GN works best only when
degree-distribution power-law exponent is strictly close to two. Analysing real
networks—whose geometry is often latent—GC overcomes GN as marker to
differentiate phenotypical states in macroscale structural-MRI brain con-
nectomes, suggesting connectomes might have a latent neurobiological geo-
metry accounting for more information than the visible tridimensional
Euclidean.

November
2022




OUTLINE of the talk

1. Introduction to network analysis and models

2. Network geometry, Al and applications



Crisis| was a Master student in 2002

Artificial Neural Network (ANN) Brain Connectivity

CrisisWhy Is brain connectivity sparse?




Published as a conference paper at ICLR 2024

EPITOPOLOGICAL LEARNING AND CANNISTRACI-
HEBB NETWORK SHAPE INTELLIGENCE BRAIN-

INSPIRED THEORY FOR ULTRA-SPARSE ADVANTAGE
IN DEEP LEARNING

YingtaoZhang

Yingtao Zhang' >, Jialin Zhao'-*-*, Wenjing Wu'-*-*, Alessandro Muscoloni'-**

& Carlo Vittorio Cannistraci'-%5:* *
LCenter for Complex Network Intelligence (CCNI)
2Tsinghua Laboratory of Brain and Intelligence (THBI)

3Department of Computer Science, *Department of Biomedical Engineering
Tsinghua University, Beijing, China.

?

ICLR2024 evaluation: avg. score 7.33, ranks 326/2261 accepted (in the top 15%)
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ow the topology evolves during the epochs
https://www.youtube.com/watch?v=b5ILpOhb3BI

Epoch: O
Both of the networks initialized with Erdos-Renyi network
Hyperbolic presentation of SET (Random)

Plain presentation of SET (Random)

784 1000 999 1000

Hyperbolic presentation of ESML (CH3-L3)

Plain presentation of ESML (CH3-L3)

784 1000 999 1000
ESML (CH3-L3) vs SET (random) ANP across the epochs
80 —— SET (random) —— SET (random)
—— ESML (CH3-13) 10 —— ESML (CH3-L3)
70
60
0.8
R s0
> o
3
€ 40 Ed
3 0.6
=30
20 0.4
10
o 0.2
1 50 100 150 200 250 1 50 100 150 200 250

epochs epochs


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

Crisis| was a Master student in 2002

Artificial Neural Network (ANN) Brain Morphology

CrisisWhy Is brain connectivity spardeifology)?
CrisisWhat Is the contribution afhorphology?

12



Dr. E. Baek

Pre prints_org Instructions for Authors Statistics About FAQ Search here...

preprints.org > computer science and mathematics > artificial intelligence and machine learning > doi: 10.20944/preprints:

preprint  Article Version 7 Preserved in Portico This version is not peer-reviewed

Neuromorphic Dendritic Computation with Silent Synapses for Visual Motion
Perception

| @Eunhye Baek *, )Sen Song , @Zhao Rong , @)Luping Shi *, @)Carlo Vittorio Cannistraci *

Version 1 : Received: 5 June 2023 / Approved: 6 June 2023 / Online: 6 June 2023 (10:04:05 CEST)

How to cite: Baek, E.; Song, S.; Rong, Z.; Shi, L.; Cannistraci, C.V. Neuromorphic Dendritic Computation with Silent Synapses for
Visual Motion Perception. Preprints 2023, 2023060438. https://doi.org/10.20944/preprints202306.0438.v1

Abstract

Most neuromorphic technologies use a point-neuron model, missing the spatiotemporal nature of neuronal computation performed in
dendrites. Dendritic morphology and synaptic organization are structurally tailored for spatiotemporal information processing, enabling
various computations like visual perception. Here, we report on a neuromorphic computational model termed ‘dendristor’, which integrates
functional synaptic organization with dendritic tree-like morphology computation. The dendristor presents bioplausible nonlinear
integration of excitatory and inhibitory synaptic inputs with silent synapses and diverse spatial distribution dependency. We show that the
dendristor can emulate direction selectivity, which is the feature to react robustly to a preferred signal direction on the dendrite. We
discover that silent synapses can remarkably enhance direction selectivity, turning out to be a crucial player in dendritic computation
processing. Finally, we develop neuromorphic dendritic neural circuits that can emulate a cognitive function such as motion perception in
the retina. Using dendritic morphology, we achieve visual perception of motion in 3D space by various mapping of spatial information on
different dendritic branches. This neuromorphic dendritic computation innovates beyond current neuromorphic computation and provides
solutions to explore new skylines in artificial intelligence, neurocomputation, and brain-inspired computing.

Nature Electronics 2024 Accepted
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OUTLINE of the talk
1. Introduction to network analysis and models
2. Network geometry, Al and applications
3. Tomorrow:

3.1 Network science for Sparse deep learning
3.2 Neuromorphic Computing



Artistic
representation

of the topics |
Of tOday © %8:)® ‘\' has a skelefon

O%Cgé) Simplicial Complex\‘
-

. O O building a Cech complex
Point Cloud or Vietoris-Rips complex Network

https://menchelab.com/higheforder-networksand-the-
topology-of-data
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Understanding the rule of association generating the netwo
(direct problem)
>

Artistic
representation

of the topics
of today

Network

(inverse problem)
Given the network can we reverse the rules of associatio

16



Generative models in Network Science

o o
e of o o
o o o oo
Input — .. [ )
parameters Model ®
o oo
o oo
Analytical properties of real
or complex networks

Algorithical



Three basic properties of real complex networks

Average Degree

Average Average
. " A d
Clustering Coefficient Shortest path length ‘Q?Srf‘r?beuﬁﬁﬁree
. o o o o o o o
° o o o o o o
(L\. .% ° \ ° o o o O ® oo
o ° ® o ® ®



Average cluster coefficient

# Links
Clust between y c
uster i
coefficient ~ C(i)= neighbors = —— =
i of a node (i) All (0( ) m*(m-1)/2

(i) possible S

Links
m =4 nodes between
neighbors neighbors

For a network with N nodes
Average Clustrer Coefficinety# C(i)/N



Average Shortest path length

o o
X.\‘.‘ o o
® oo
O. . ® y
o o0
o oo

L=y SP(x,y)/N

Small wordnesg, L(N) ~ log (N)



Averagedegree and degree distribution

o o o
° .;k o‘o
° o0 - . |
o o :>. K () = # neighbors of
°
°
o O o ®
o oo
binomial Exponential or Powdaw
2| 21 P(k) = expk) [slim tale]
& o Ameﬂ, P(k) = kMQ (fat tale]

degree degree
21



Generative models

1999

Waltts-Strogatz | Barabasi -Albert

Clustering

Small-world R R R

Scalefree b b =

Binomial

P(degree)
P(degree)
o )
Q )
P(degree)

22



Generative models

1999

Problem

Waltts-Strogatz | Barabasi -Albert

2227

Clustering

Small-world R R R

Scalefree b b =

P(degree)
P(degree)
o )
ﬁ :
P(degree)
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OUTLINE of the talk

1. Introduction to network analysis and models

2. Network geometry, Al and applications



2012

LETTER

doiz10.1038/nature 11459

Popularity versus similarity in growing networks

Fragkiskos Papadopoulos', Maksim Kitsak?, M. Angeles Serrano®, Marian Boguiia® & Dmitri Krioukov”

The principle' that “popularity is attractive’ underlies preferential
attachment®, which is a common explanation for the emergence of
scaling in growing networks. If new connections are made pref-
erentially to more popular nodes, then the resulting distribution of
the number of connections possessed by nodes follows power
laws™*, as observed in many real networks™®. Preferential attach-
ment has been directly validated for some real networks (including
the Internet’*), and can be a consequence of different underlying
processes based on node fitness, ranking, optimization, random
walks or duplication® '*, Here we dmwtha.tpupnhntym;mlm
dimension of attractiveness; another dimension is similarity'™ **

We develop a framework in which new connections optimize ae:nain
trade-offs between popularity and similarity, instead of simply pre-
ferring popular nodes. The framework has a geometric interpretation
in which popularity preference emerges from local optimization. As
opposed to preferential attachment, our optimization framework
accurately describes the large-scale evolution of technological (the
Internet), social (trust relationships between people) and biological
(Escherichia coli metabolic) networks, the probability of
new links with high precision. The framework that we have developed
can thus be used for predicting new links in evolving networks, and
provides a different perspective on preferential attachment as an
emergent phenomenon.

Nodes thal are similar have a higher chance of getling connected,
even il they are nol popular. This effect is known as homophily in social
sciences'™"®, and it has been observed in many real networks'® ™. In the
web™*, for example, an individual creating her new homepage tends
to link it not only to popular sites such as Google or Facebook, but also
to not-so-popular sites that are close to her special interests—for
example, sites devoted to the composer Tartini or to free solo climbing.
These observations suggest the introduction of a measure of attractive-
ness thal would somehow balance popularily and similarity.

The simplest proxy for popularity is the node birth time. All other
things being equal, older nodes have more chances to become popular
and attract connections™. If nodes join the network one by one, then
the node birth lime is simply the node number t = 1, 2, .... T'o model
similarity, we randomly place nodes on a circle that represents the
simplest similarity space. That is, the angular distances between nodes
model their similarity distances, such as the cosine similarity or any

connect simply to the closest m nodes on the plane, except that
distances are not Endlidean but hyperbolic™. The hyperbolic distance
between two nodes at polar coordinates (r,, 0;) and (r,, () is approxi-
mately x,=r,+ r; + In(0/2) = In(stfl/2). Therefore the sets of
nodes s minimizing x,, or sil,, for each t are identical. The hyperbalic

sinh r

~ coshR —1 =

"’ connection probability |

H2 in polar coordinates

p(r) =

O(R —x)
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Generative model forrealistic complex networks

Geometry Topology
o .
REL N
. ..'..‘.‘.’
IR )
ol -
PSO model A e Synthetic network with:
Clustering
- Smallword

Scalefree
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Generative models in geometric space
(soft random geometrical graph)

AN .y Problem
Al

Euclidean (soft) 277777

Clustering R R

Small-world R R

Scalefree b R




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

F}/\A

Radius

Angular distance

PSO model
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Hyperbolic distance

V\A

Radius

A 4

Angular distance

Popularity

A 4

Similarity

PSO model
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Hyperbolic distance

V\A

Radius

A 4

Angular distance

Popularity

A

Node degre

\U

centrality

A

Similarity

Node topological
proximity

PSO model
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Hyperbolic distance

B/\A

Radius

A

y

Angular distance

Popularity

A

Node

centrality

degreg

\U

A 4

A

Similarity

A

Node topological
proximity

Hierarchy

A 4

Clustering

PSO model
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Hyperbolic distance

I?/\.A

Radius

A 4

Angular distance

Popularity

A

\U

Node degre
centrality

A 4

A

Similarity

A

Node topological
proximity

Hierarchy

A 4

Time growth

A 4

Clustering

A 4

Space

PSO model

33



Hyperbolic distance

I?/\.A

Radius

A 4

Angular distance

Popularity

A

Node degre
centrality

\U

A 4

A

Similarity

A

Node topological
proximity

Hierarchy

A 4

Time growth

A 4

Clustering

A 4

Space

\/

Time-space evolution of complex systems

PSO model
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Popularity -Similarity -Optimization
(PSO) model

Input parameters:

4 = number of nodes

0 = half of the average node degree

1| = temperature (inversely related to clustering)
A= exponent of the powdaw degree distribution

v

PSO model

Papadopoulos et aNature 2012.



The model has four input parameters:

Generation of synthetic networks by the PSO mode
O T which defines the average node degrée ¢ &
I N (tip] the exponents p pX of the power law degree distribution,
a1 which controls the network clustering,

v 0 T wherellis the curvature of the hyperbolic plane. K generally fixed.to

(1) all existing node®) “(ncrease their radial coordinates according#®: = 1 1 »in order to
simulate popularity fading

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

probability: wk | )

7 moe=d=49 7 7,

« B
=22 )

PSO model
36



FermtDirac

B e kP =11 /100 -
- ' -— KT=pu/10
- 5 —— Kl=p/2

e e kT=p |
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Generative model forrealistic complex networks

Geometry Topology
o .
REL N
. ..'..‘.‘.’
IR )
ol -
PSO model A e Synthetic network with:
Clustering
- Smallword

Scalefree
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Problem 1
(Inverse problem)



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

40



Geometry (Hyperbolic) Network

Manifold

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

41



Inverse problem inreal networks

Geometry Topology

~EL

Manifold

? Angular coordinates = node similarity ?

real network

Radial coordinate ok!

———
P,
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HyperMap (2015)

(Modelbased)

AMaximum likelihood estimation

AlInfer the coordinates maximizing the likelihood that
the network has been generated by the PSO niiodel
community organization)

IEEE/ACM TRANSACTION ON NETWORKING

198 IEEE/ACM TRANSACTIONS ON NETWORKING, VOL. 23, NO. 1, FEBRUARY 2015

Network Mapping by Replaying Hyperbolic Growth

Fragkiskos Papadopoulos, Constantinos Psomas, and Dmitri1 Krioukov
43




Many limitations

oTime complexity O(N3) 1 O(N%)
oUnweighted networks
oOnly 2D-space

oNot community organization

IEEE/ACM TRANSACTION ON NETWORKING

198

Network Mapping by Replaying Hyperbolic Growth

IEEEJACM TRANSACTIONS ON NETWORKING, VOL. 23 NO. 1, FEBRUARY 2015

Fragkiskos Papadopoulos, Constantinos Psomas, and Dmitr1 Krioukov
44




Intuition (2012)

using nonlinear dimension
reduction unsupervised

machine learning methods

(manifold embedding)

2

Original Network

15

0

Isomap

P
]
o...
o®
-

Qe
o
¢

\Y

L ]
@
’ o0

15

®
‘.

15

MCE

(hierarchical embedding)

_J

-18 -8
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Why did | generate this intuition?

Modelinginteractome: scaldree or geometric?
Natasat NJO BZCa8rneil | JurisicaBioinformatics20 (18),2004

Fitting a geometric graph to a protegprotein interaction network
DJ Higham, Mv I O |, Neagagath NJ) Bizfin®rmatics24 (8),2008

Network Biology was already discussing about this issue

46


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



ar 3D-shapes

p
{

CA
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%
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Y

Principal component analysis
PCA2
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Nonlinear Dimension Reduction

AKernel based y (D
° N A /
{example: Gaussian-PCA} @ e 7 \\//

distance
A feature space

/ \
: J
=X = — distance )X/
Issue 1: difficulty to know the correct kernel
Issue 2: presence of free parameters to tune!!!

A B c

Manifold based

{example: Isomap}

'fe_rlenbaunet al.i Science, 2000

Issue 1: Hypothesis of local continuity of the manifold

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



General principles of organization of complex syst
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The inspiration (2008)

nawmure
PUBLISHED ONLINE: 16 NOVEMBER 2008 DOI: 10.1038/NPHYS1130 phySICS

ARTICLES

Navigability of complex networks

Marian Boguiia'*, Dmitri Krioukov? and K. C. Claffy?

Routing information through networks is a universal phenomenon in both natural and man-made complex systems. When each
node has full knowledge of the global network connectivity, finding short communication paths is merely a matter of distributed
computation. However, in many real networks, nodes communicate efficiently even without such global intelligence. Here, we
show that the peculiar structural characteristics of many complex networks support efficient communication without global
knowledge. We also describe a general mechanism that explains this connection between network structure and function.
This mechanism relies on the presence of a metric space hidden behind an observable network. Our findings suggest that real
networks in nature have underlying metric spaces that remain undiscovered. Their discovery should have practical applications
in a wide range of areas where networks are used to model complex systems.
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The inspiration (greedy navigability)

E Observable network topology

Important message
Navigating on the network
Is like navigating in the valley
and hills of the hidden
geometrical space

Boguiéaet al.,Nature Physic2008

Theobserved topologicaproperties arise from
a hidden geometric spacainderlying the network

52



How MC workd\avigating between the points with a greedy
routing process: the minimum spanning tree (MST)!

Eucli(% Distance 27 MC @istanced i
B o

4 o7
MC Distance B /"
Matrix 1
4 ' A 4
V2 .
A 4 i’
I
!
4 <

V1

The greedy routing navigability is a way to map the hidden nonlinear topology
For MC: The global mappingand thelocal fitting are reciprocally dependent
MC Minimize globally and fit locally!
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Dim3

Nonlinear topologicabased Dimension Reduction

[} . . R
.!‘..‘..:'. LI ST S R R
-

O P .;.l.,.lg-"'...-

. -a"".' s A PN
‘.F-...-:'-:'...‘ ..':: 1:1 . P X .} \ ot ."T I S O m ap
ey S IR A I -
s - (manifold embedding)
Wit ot
NI
[ -*;. :...'l"\"

=10

=15

Nonlinear 3D—shapes

=10

-5

Dim1

10

ncMCE

Minimum Curvilinear
~embedding (I\/IC%)
- (hierarchical embedding)
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Radar Signal Dataset

A ncMCE B MCE
4 o g
L o
o°
e 8% Ayt
0° ) @ o ° °
QO ° o (-]
8 . S
° Dim2
o

ROC for Dim1 ROC for Dim2 AUC for Dim1 AUC for Dim2

1 1

0s os
0s 06
04 04

02 02

True positive rate

o} 0 0
0 02 04 08 08 1 0 02 04 06 08 1 . .
False positive rate False positive rate Embedding methods Embedding methods

[ ncMCE: AUC-Dim1 = 0.95; AUC-Dim2 =0.96 [J] MCE: AUC-Dim1 = 0.67; AUC-Dim2 = 0.93
[l 'somap: AUC-Dim1 = 0.61; AUC-Dim2=0.82 [l TPE: AUC-Dim1 = 0.54; AUC-Dim2 = 0.50
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The crescenmoon obsession

Similarity ordering
of the samples ! =

Direction of maximum MC nonlinear similarity
In the multidimensional space




ECCR01Q Ghent, Belgium

Vol. 26 ECCB 2010, pages i5371-i539
doi:10.1083/bioinformatics/btq376

Nonlinear dimension reduction and clustering by Minimum
Curvilinearity unfold neuropathic pain and tissue embryological

classes

Carlo Vittorio Cannistraci-2:3:4.5%
Trey Ide | essio

TRed Sea Integrative Systems Biology Lab, Computational Bioscience Research Center, Division of Chemical and
Life Sciences and Engineering, King Abdullah University for Science and Technology (KAUST), Jeddah, Kingdom of
Saudi Arabia, 2Proteome Biochemistry, San Raffaele Scientific Institute, via Olgettina 58, 20132 Milan, SDepartment
of Mechanics, 4CMP Group, Microsoft Research, Politecnico di Torino, c/so Duca degli Abruzzi 24, 10129 Turin, ltaly,
5Department of Bioengineering and Department of Medicine, University of California, San Diego, 9500 Gilman Drive,
La Jolla, CA 92093 USA

Timothy Ravasi'-°, Franco Maria Montevecchi®,
2.%
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ISMB/ECCB)13, Berlin, Germany, Ju¥p13

Vol. 29 ISMB/ECCB 2013, pages i199-i209
doi:10. 1083/bioinformatics/btt208

Minimum curvilinearity to enhance topological prediction of
protein _interactions by network embedding

1 I‘EI‘*I‘

Carlo Vittorio Cannistraci
'Integrative

Gregorio Alanis-Lobato’#" and Timothy Ravasi'?*
iology Laboratory, Biological and Environmental Sciences and Engineering Division, Computer

Electrical and Mathematical Sciences and Engineering Division, Computational Bioscience Research Center, King
Abdullah University of Science and Technology (KAUST), Thuwal 23955-6900, Kingdom of Saudi Arabia and “Division of
Medical Genetics, Department of Medicine, University of California, San Diego, CA 92093-0688, USA

ABSTRACT

Motivation: Most functions within the cell emerge thanks to
protein—protein interactions (PPls), yet experimental determination of
PPls is both expensive and time-consuming. PPl networks present
significant levels of noise and incompleteness. Predicting inter-
actions using only PPl-network topology (topological prediction) is
difficult but essential when prior biclogical knowledge is absent or
unreliable.

1 INTRODUCTION

Detection of new imteractions between proteins is central to
modern biology. Its application in protein function prediction,
drug delivery control and disease diagnosis has developed along-
side a deeper understanding of the processes that occur within
the cell. One key task in systems biology is the experimental
detection of new protein—protein interactions (PPIs). However,
such experiments are time consuming and expensive. Because of
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Intuition 2012

using nonlinear dimension
reduction unsupervised

machine learning methods

(manifold embedding)

2

Original Network
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RA Distance

Matrix

Pre-weighting rules
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Testing on the benchmark
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Evaluation on PSO networks
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