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1. Introducing network geometry (an incomplete and very biased primer)
2. Leveraging symmetries to go beyond pointwise estimates of coordinates/parameters

3. Embedding asymmetric (directed) networks unto a metric space (with symmetric distance function)
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Maximally random graph ensembles

The probability, P(A), fora N x N adjacency matrix A = {a;;} €

0, 1]( ) that maximizes the entropy subjected to the L constraints
(=1,2,...,L)

S({A}) = ZP )InP(A)  F =) F(A)P(A

s (o being the [-th Lagrange multiplier)
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Maximally random graph ensembles

The probability, P(A), fora N x N adjacency matrix A = {a;;} €
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Example 2: fixing the expected degree sequence

N

F}:Z&zg‘:kz

g=1

forl =1,..., N yields the soft configuration model

1
Yiji (1 — 1 Qij ' S
H H p 1 ng V\/|th ng 6_(04z"|‘04j) _|_1 .

1=1 7=1+1

Redefining k; = /(k)Ne* forl = 1,...,
model

N vields the Chung-Lu

B 1 N Ri K
ng—l | ()N </Q>N

K:il-ij

Studying the conditions for which p;; can be factorized informs us
on the degree-degree correlations observed in real networks.
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Modeling clustering

|[dea: Assume that the vertices are embedded in a metric space and that any two vertices
are connected with a probability that is a decreasing function of the distance between

them.
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Properties of any metric space:
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Non-negativity d(z,y) >0
Symmetry d(zxz,y) =d(y,x)
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Modeling clustering

|[dea: Assume that the vertices are embedded in a metric space and that any two vertices
are connected with a probability that is a decreasing function of the distance between

them.

network topology

Properties of any metric space:

ldentity of indiscernibles dlz,y) =0 & x=y
Non-negativity d(z,y) >0
Symmetry d(zxz,y) =d(y,x)
Triangle inequality dx,y) < d(x,z)+d(z,y) hidde DGHIGSRACE

Henceforth we consider that there is a distance matrix X = {z;, } where z;; is the distance
between vertices ¢ and 7 in the D-dimensional space.



Maximally random geometric graph ensembles

Example 3: fixing the expected number of edges and the expected

total energy

N N
Fr=Y Y aj=M
1 D P azg
i=1 j=i+1
N N N N
F, — .. — Na.. = E
2 54 _ Cijtiy 54 54 f (i) a;
i=1 j=i+1 i=1 j=i+1

vields the homogeneous random geometric graph ensemble
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N
P =[] I pi?=py) with py = =57 -
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The graphs will be sparse, highly clustered and small-world Iif
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Phys. Rev. Research 2, 023040 (2020)
Phys. Rev. E 66, 016121 (2002)
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Maximally random geometric graph ensembles

Example 4: fixing the expected degree sequence and the expected
total energy

N
E:Zalj:kl (lZl,,N)
=1
- ]N N N N
Iy = S: S: ijQij = S: S: flzij)ai; = E
i=1 j=i+1 i=1 j=i+1

vields the heterogeneous random geometric graph ensemble

HHp%l—p 1=ai5\ith Dii = ! .
7’3 v 658@'-0@-0@’ _|_ 1

1=1 =141

The graphs will be sparse, highly clustered, small-world and devoid
of non-structural degree-degree correlation iif f(z;;) = Inz;; and
B e |D,D+2]7. Redefining ay = —(8/D) In(/pux;) yields

1 : Lij
P = ehle=m 1 1 With ey =1n ((lﬁlz’/ij)ll)) |

¢ No upper bound if expected degree sequence is scale-free.

Phys. Rev. E 80, 035101 (2009)
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Maximally random geometric graph ensembles

Example 4: fixing the expected degree sequence and the expected
total energy
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of non-structural degree-degree correlation iif f(z;;) = Inz;; and
B e |D,D+2]7. Redefining ay = —(8/D) In(/pux;) yields

1 : Lij
P = Bl 1 1 A ((/@;/@j)é) |

¢ No upper bound if expected degree sequence is scale-free.

When the geometry is a D-dimensional sphere, S” the model can
be mapped to a purely geometric model in hyperbolic space HP+!,

Phys. Rev. E 80, 035101 (2009)
Phys. Rev. E 82, 036106 (2010)

Phys. Rev. Research 2, 023040 (2020) /



Maximally random geometric graph ensembles

When the geometry is a D-dimensional sphere, S” the model can
be mapped to a purely geometric model in hyperbolic space HP+!,

hyperbolic disk (7’, 0) Phys. Rev. E 80, 035101 (2009)
Phys. Rev. E 82, 036106 (2010)

Phys. Rev. Research 2, 023040 (2020) /



A geometric approach to clustering : the S'/H* model

The S model

1. Sprinkle N nodes uniformly on a circle of radius R.
2. Assign an expected degree x to each node according to some pdf p(r).
3. Draw a link between node 7 and node j with probability p;;.

% fixes the expected degree of nodes (k) — soft configuration model (CM)
Y triangle inequality of the underlying metric space — triangles from pairwise interactions
¥ level of clustering tuned with parameter 5




A powerful and versatile framework

> Amenable to many analytical calculations [1,2,3]
> Generalizable to weighted [5], bipartite [6,7,8], multiplex [2,10] and growing [11] networks
> Geometrical interpretation of preferential attachment [11]

> Parsimonious explanation of self-similarity [4]

> Generalizable to networks with community structure [12,13,14]

> Mapping of real complex networks unto hyperbolic space [15,16]

- Reproduction of additional properties than the ones used to fit the parameters [15].

- |dentification of biochemical pathways in E. Coli |8]

- Efficient Internet routing protocols [17]

- QOrganization of the human connectome [18,20]

- Self-similar architecture [19]

- Evolution of hierarchy in international trade [21]
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A powerful and versatile framework
Amenable to many analytical calculations [1,2,3]

Generalizable to weighted [5], bipartite [6,7,8], multiplex [9,10] and growing [11] networks
Geometrical interpretation of preferential attachment [11]
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> Parsimonious explanation of self-similarity [4]

> Generalizable to networks with community structure [12,13,14]
>

Mapping of real complex networks unto hyperbolic space [15,16]

- Reproduction of additional properties than the ones used to fit the parameters [15].

- |dentification of biochemical pathways in E. Coli |8]

- Efficient Internet routing protocols [17]
- QOrganization of the human connectome [18,20]
- Self-similar architecture [19]
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. Network geometry
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Pointwise embeddings: maximum likelihood

Most embedding algorithms rely on maximum likelihood and/or
machine learning heuristics to obtain pointwise estimates for
the coordinates (and other parameters).
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Sustaining the Internet with hyperbolic mapping

Pointwise embeddings: maximum likelihood i 54, Fackbit Pacmaics Dk ik

Nature Communications 1, Article number: 62 (2010)

Most embedding algorithms rely on maximum likelihood and/or

Mercator. uncovering faithful hyperbolic embeddings of

machine learning heuristics to obtain pointwise estimates for complex networks | -
. Guille'mo Garcia-Pérez, Antoine Allard, M Angeles Serréno and Marian Boguiia
th e CO O rd | n a teS (a n d Ot h e r p a ra m ete r’S) . Publiched 16 Decemoer 2019 « @ 2019 The Author(s). Publizhed by OP Publiching Ltd cn bekalf of the Institute

cf Physics and Deutsche Fhysikallsche Geselischan

New Joumna of Physcs, Volume 21, December 2019
L — e

adj. mat. param.

P( A ‘ {/{i}v{@i}a/ﬁ\) :ﬂ ﬂ (P(aij = 1!’%7"%»‘9@‘7@75))@“(1 — Plai; = 1!@,@,&,%,5))

1=1 g=1+1

l—aij

coordinates

Probability of connection in the ST model: likelihood

—1
M A \P
Plai; = 1|k, kj,04,05,8) = 1+< ; j)
Bsin(n/B) Kikj

Angular distance:

A0 =7 — (w— \97;—93-\‘

Number of edges (known from data):

N N
M=) >, aj

i=1 j=i+1

NxN adjacency matrix (known from data):

A ={as;}
“Radial” coordinates (related to degree/popularity):
{ki} ={K1,k2,K3,...,KN—1,KN }

Angular coordinates (related to similarity/community):
10;} =1{01,02,03,...,0n_1,0N}

Coupling with geometry (related to clustering): 3
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/./\ /\ ;4 l—aij
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coordinates —J=
Probability of connection in the St model: ikelihood
—1
M A \P
P i = 1 9 '792'76'7 = |1 —
(053 = s 05,03,8) = |1+ (e ) ]
Angular distance: E 160 -
Ny =m - |r — |6; = 6] > Difficult optimization problem %180_/ /\
Number of edges (known from data): - rugged Iandscape *§ —200 ‘\_/Begreeé (highest)
o f@ % ” - gradient not always well defined 2 9904 — Degree 5 (median)
- ) Qg a Degree 3 (lowest)
1=1 j:’b‘|‘1 = T T T T T T T T T
' : -r = -5 -3 0 3 3 & o7
NxN adjacency matrix (known from data): > Open QUGSJEIOI’WS. ' Vertex position
A= {a;, . . o
tai§ - are there more than one plausible embeddings? . — Bract 7\
“Radial” coordinates (related to degree/popularity): - how precise are the estimates for the coordi- § T Approx
Ui} = {1, K2, K3 -5 AN =1, FN ) nates/parameters?
=
Angular coordinates (related to similarity/community): . 0 -
{92'}:{(91,92,(93,...,(9]\[_1,91\7} —IQW —l7r (I) 7lr 217r

Coupling with geometry (related to clustering): 3



Distribution of embeddings: Bayesian inference

P({ri}, {60:},8 | A) o P(A| {r}, {0}, 8) P({:}, {6:}.5)
\—/'_/ likelihood \—prGr_/
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Priors:

Distribution of embeddings: Bayesian inference | > . .
Ki O (ki >e], e=10"", y=4

Ty (1 + (ki /7)?)
0; = i ]1[87;>—7T] ]l[gzgﬂ']

IP)( K, QZ ; | A) X P(A ‘ K, 92 ; ) ]P)( Ki r, 92 ; ) o _ 2
(ri} {6}, 9 (ki 03}, 8) P({ri} 0.}, o (<O s
posterior likelihood prior
N N az-j 1—a7;j N
0.6 H H (P(aij — 1‘/432', lij, (92', (9]', 5)) (1 — P(aij - 1‘/@', /ij, (97;, (93', 5)) P(ﬁ) H IP)(HJZ)P(QZ)
1=1 j=1+1 i—1
likelihood prior

Probability of connection in the St model:

1+< M A%')B -
Bsin(m/B) Kikj

IP)(a,,;j = 1|/ii;/43j79i79j75) —

Angular distance:

A0 =7 — ‘w— \97;—93-”

Number of edges (known from data):
N N
M=3 Y w
i=1j=i+1

NxN adjacency matrix (known from data):

A ={ai;}
“Radial” coordinates (related to degree/popularity):
{H’i} — {K)la R2,KR3,..., K’N—laKfN}

Angular coordinates (related to similarity/community):
10;} =1{01,02,03,...,0n_1,0N}

Coupling with geometry (related to clustering): 3



P({r}, {6:1,8 | &) o P(4 | {r:},{6:},8) P({r:},{6:}, 5)

N————

posterior likelihood

Priors:

Distribution of embeddings: Bayesian inference > 1 L
Ki O (ki >e], e=10"", y=4

Ty (1 + (ki /7)?)
0; = % ]1[87;>—7T] ]l[gzgﬂ']

o 2
Bocexp(—(ﬁ BO))H[]B>1], Bo=3, c =2

202

N— —
N N ) _ai; N
X H H (]P)(a”l,_] — 1"%’&'7/{]'7(92'79]'75)) ; (1 _P(G’Z] — 1"%2'7/{]'7(97;79]'76))1 P(ﬁ)HP(HZ)P(QZ)
i=1 j=i+1 P
prior

Probability of connection in the St model:

likelihood

IP)(a,,;j = 1|/ii;/43j79i79j75) —

Angular distance:

A0 =7 — ‘w— \97;—93-”

Number of edges (known from data):

N N
M= ay
i=1 j=i+1
NxN adjacency matrix (known from data):
A ={as;}
“Radial” coordinates (related to degree/popularity):
{H’i} — {K)la R2,KR3,..., K’N—laKfN}

Angular coordinates (related to similarity/community):

{0;} =401,02,03,...,0n_1,0N}

Coupling with geometry (related to clustering): 3

o (ﬁsinj\ér/m

> With the posterior, we can characterize the coordinates/parameters

- expected values

E[6;]A] :/---//ejp({mi},{ei},ﬁ ‘ A)dml...dHNdﬁ

- variances, covariances, standard deviations
- most likely values

> Difficulties: posterior is hard to work with (no convenient closed form)
and these integrals cannot be solved analytically

> Solution: sampling approximations using Markov Chain Monte Carlo
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Priors:

Distribution of embeddings: Bayesian inference 2 gm0
B Oy R
0; = QL ]1[67;>—7T] I[QZSTF]
IP)( Ri g, 9’& y | A) X P(A ‘ Ri g, 6)7, y ) IP)( Ri g, 6)2 y ) ) _
{ } { }5 { } { }5 { } { }5 Bmexp(_(52050)2>1[]5>1]’ /30:370-:2
posterior likelihood prior
N N 0 1—ai, N
0.6 H H (P(Cl,ij — 1|/‘€Z', KJ]‘, (92', (9]', 5)) (1 — IP’(a,ij - 1|/’ii, /‘ﬁ}j, (97;, (9j, 6)) P(ﬁ) H P(KZ)P(QZ)
i=1 j=i+1 1=1
e likelihood prior
Probability of connection ir;,,;'-"”’f'
IP’(a,L-j — 1|/-€Z',I</ \
/ \ > With the posterior, we can characterize the coordinates/parameters

Angular distanc/x

¢

J
/
)

AbOi; =/

Number of ;"'

|
NxN adjac)
\

'
\
\
[}

“Radial” coorch,

{ri}\
N

Angular coordinates\
{0;} = {el,k\

..
Sea

Coupling with geometry (related to0Creee "

- expected values

\ E[6;]A] :/---//ejﬂ{m},{ei},@ ‘ A)dﬁzl...dHNdﬁ

| - variances, covariances, standard deviations
f - most likely values

/ > Difficulties: posterior is hard to work with (no convenient closed form)
/ and these integrals cannot be solved analytically

> Solution: sampling approximations using Markov Chain Monte Carlo
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Testing standard sampling methods

Choose embedding Generate graph Forget embedding Recover embedding

Hamiltonian Monte-Carlo |1, 2] (“state-of-the-art”) and random walk (“naive”) do not explore the space efficiently.

Ground truth initialization Random initialization

| Warmup
—100 - —100 A
W N AR e
2 150 - 2 150 - i
S S
= =
2 200 - 2 —200 -
60 60
S S
2 —250 - — —250 7
—300 | | | | —300 | | i |
0 50000 100000 150000 200000 0 50000 100000 150000 200000
Iterations [terations
— Random walk Dynamic HMC =— Ground truth

[1] Gelman et al.,, Bayesian Data Analysis (Chapman & Hall / CRC Press, 2013
[2] arXiv:1701.02434 (2017) 1 3



Model symmetries and quasi-symmetries

The S model is non-identifiable because of graph and space
symmetries.

Reflection Rotation
. Space 9 — —0 0 — 0+ o
isometries —

Q0 Relabelling o0
Graph -
automorphisms Q OO

Embeddings require a post-processing alignment.
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Model symmetries and quasi-symmetries

The St model is non-identifiable because of graph and space Weakly connected clusters are almost independent. They can be
symmetries. moved In bulk to boost space exploration, without significantly af-

fecting the likelihood.

Reflection Rotation Reflection
_ Space 9!—) —0 9H9+¢
1Sometries . @

Graph o0 Relabelling Q Flip
automorphisms Q 00 Q :
O+~—0 Rotation

Embeddings require a post-processing alignment. @ @ @ ®

Translate Exchange



A better suited sampling method

~ —100
£ 200
',_ip

~ —300
~ —100
£ 200
;QL.Q

~ —300

Warmu
|—p| Random initialization

" .”I A SR T I W

~

anax — 1.170 R]nax — 2.723 [{[11;-151 — 3[')5(()
T | T |
Ground truth initialization

Rma,x —_ 1.101 Rlnax — 1.577 1:1)..“1;1‘\; —_ 1—1:()'\%
0 50000 100000 150000 200000
[terations
— BIGUE (RW+CT) == Mercator
— RW = (Ground truth

Dynamic HMC*
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A better suited sampling method

Warmup

_— Random initialization

.= —100
S —200 -
: RIIldX = 1. 170 RlIldX = 2.723 Rpmax = 3.959
—300 = T T u
Ground truth initialization
¢ —100
£ 200 -
2D . ,
= Rimax = 1.101  Rpax = 1.577 Pm ~ = 1.408
—300 “—— : -
0 50000 100000 L)OOOO 200000
[terations
— BIGUE (RW+CT) == Mercator
— RW = (Ground truth

Dynamic HMC*

™ Ground truth

i

o At

" Posterior sample B Mercator
- My 20-
3 - & <
Q,
0- v = 10 -
—5 ] o ® g C}g
—7 %
| | | | |
-7 —5 0 5

Density

Ground truth 6

i
| | I
I
||||E‘ I
| I
0.2 0.3 0.2 0.4 0.6

Clustering

| |
5 10
Degrees

0.8
Greedy success rate

L.

fm———-

-
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Difference with pointwise embeddings

¢

[ D0

*
Zo

t

X
e o

Zachary 2(( *_35-
Macaque 25 .Q'

Gangs _25 * 2

Critics > : * e o

Zebras 2 . %
Terrorism _% _:-ie
Kangaroo _35 22

Tribes _‘fx— _S."_

| | | | | |
0.25 0.50 0.75 0.25 0.50 0.75
Density Clustering

®- Posterior sample

2¢& Mercator

| | |
1.5 2.0 2.5
Shortest path average
length

* Ground truth

I I I
0.25 0.50 0.75
Global hierarchy level



Main takeaways

> Symmetries of the embedding space can be leveraged to de-

sign efficient embedding algorithms. Symmetry-driven embedding of networks in hyperbolic

> Around the most likely coordinates, there is a cloud of plau- Space

sible alternatives (the typical set) whose properties may be Simon Lizotte, Jean-Gakriel Young & Antoine Allard &
quite different from that of pointwise embeddings.

Communications Physics 8, Article number: 199 (2025)

pybigue 1.0.0

pip install pybigue @ Released: May 15, 2025

Sampling algorithm ot network hyperboic embeddings.

Navigation Project description

= Project description

BIGUE hyperbolic embedder

D Release history

& Dawnload files

Verified details @

These detzils have been yerified by PyPl

Simon Lizotte T
Université Laval

Maintainers
Bayesian Infererce of a Graph's Unkown Embedding (BIGUE) is a Markov Chain Monte Ca‘lo algorithm that samples

E slizotte the best hyperbolic embeddings of a given network according to a Bayesian S' model.

The code used to generate the Figures in the paper isin the bigue-analvsis repository. If you use this algorithm, please
cite:

Jean_Gabriel YOUﬂg Unverified details

U . . t ]C \/ m t o o £t ‘ These deteils have not been verified by PyP) Simen Lizotte, Jean-Gabriel Youngand Anteine Allard *Symmetry-driven embedding of networks in hyperbolic
NIVersl y O er on R e e R space". Commun Phvs. 8.199 (2025). httos://doi.ore/10.1038/542005-025-02122-0
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Outline

1. Introducing network geometry (an incomplete and very biased primer)
2. Leveraging symmetries to go beyond pointwise estimates of coordinates/parameters

3. Embedding asymmetric (directed) networks unto a metric space (with symmetric distance function)

A powerful and versatile framework
Amenable to many analytical calculations [1,2,3]

Generalizable to weizghted [5], bipartite [6,7,8], multiolex [2,10] and growing [11] networks
Geometrical interpretation of preferential attachment [11]

Parsimonious explanation of se/f-similarity [4]

Generalizable to networks with community structure [12,13,14]

v v v v VvV ¥V

Meapping of rcal complex nctworks unto hyperbolic space [15,16]

- Reproduction of additional properties than the cnes used to fit the parameters [15].

-
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Three challenges in modeling directed networks

Properties of any metric space

ldentity of indiscernibles d(x
Non-negativity d(z,y) >0

Triangle inequality d(x,y) < d(x,z) +d(z,y)

- The model has yet
to be extended to directed networks, because it is not
clear how to reconcile the intrinsic symmetry of metric
distances with asymmetric interactions among nodes.

Nat. Rev. Phys. 3, 114 (2021)
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Three challenges in modeling directed networks

Properties of any metric space

ldentity of indiscernibles d(x
Non-negativity d(z,y) >0

Triangle inequality d(x,y) < d(x,z) +d(z,y)

Reciprocity : cycles of length 2
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Three challenges in modeling directed networks

Properties of any metric space

ldentity of indiscernibles d(x
Non-negativity d(z,y) >0

Triangle inequality d(x,y) < d(x,z) +d(z,y)

Reciprocity : cycles of length 2
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L |[number of reciprocal links|

o OO0

L number of links|

- The model has yet
to be extended to directed networks, because it is not
clear how to reconcile the intrinsic symmetry of metric
distances with asymmetric interactions among nodes.

Nat. Rev. Phys. 3, 114 (2021)

Clustering : / cycles of length 3
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Adapted from Holland & Leinhardt. Local Structure in Social Networks. Sociol. Methodol., 7, 1-45 (1976)
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The directed S' model: A straightforward generalization

St model

directed St model
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The directed S! model: A straightforward generalization

St model directed St model
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The directed-reciprocal S' model: A new link between connections and distances

A random network model defines the probability p;; for a directed link to exist from node ¢ to node 7.

Fortuitous reciprocity

(o~ — )
@\ :@ DijPji
<:>/’ ﬂ‘*<:> pij(1 = pji)
ooy
@  @umoem




The directed-reciprocal S' model: A new link between connections and distances

A random network model defines the probability p;; for a directed link to exist from node ¢ to node 7.

Fortuitous reciprocity Deliberate reciprocity
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The directed-reciprocal S' model: A new link between connections and distances

A random network model defines the probability p;; for a directed link to exist from node ¢ to node 7.

Fortuitous reciprocity Deliberate reciprocity

O ) (G e
@/ \@ pij(1 = pji) @/ \@ P;;(1,0)
@K /@ (1 = pij)pji @\ /@ P;(0,1)
\@ @ (1—1%3')(1—1?3'0/ \@ @ Pij(0,0)/

Level of reciprocity controlled with parameter —1 < v <1

g 1.1) { (1 — v)pijpji + v min{p;j, pji } 0<rv< 1\
Pi;i(1,1) =
(14 v)pijpji + (1 —pij —pji)H(pij +pjs —1) —1<v <0
v =1: maximal reciprocity
v =0: fortuitous reciprocity
_ v = —1: minimal reciprocity y

Condition 1: Preserves marginal probabilities
P;;i(1,0) + P;;(1,1) = py;
P;j(0,1) + P;;(1,1) = pjq

Condition 2: Normalized

1 1
Y Y Pylag,ap) =1

Q44 =0 CLer'IO
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The directed-reciprocal S' model: A new link between connections and distances

A random network model defines the probability p;; for a directed link to exist from node ¢ to node ;.

Fortuitous reciprocity Deliberate reciprocity
\

OO0 ) [T e
@/ \@ pij(1 = pji) @/ \@ P,;(1,0)
@K /@ (1 = pij)pji @\ /@ P;;(0,1)
\@ @ (1—29@)(1—2?3'0/ \@ @ Pz-j((),())j

Level of reciprocity controlled with parameter —1 < v <1

g 1.1) { (1 = v)pijpji + v min{pij, pji } 0<rv< 1\
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Fitting the directed-reciprocal S* model to real networks

The likelihood of a network in the directed-reciprocal S* model is

adj. mat. param.
~ . ~ =
1n out
IP)( A ‘ {’%z’ }7{’%75 }7{91}7 ﬂ?y) | | | | a@]7aﬂ
———— —
coordinates =1 g=u+1
likelihood

which we maximize using a combination of analytical results and
numerical heuristics.
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Fitting the directed-reciprocal S* model to real networks

The likelihood of a network in the directed-reciprocal S* model is

adj. mat. param.

p( A ({m;n},{m;?m},{ez-},’ﬁi?)—ﬂﬂ

coordinates

likelihood

which we maximize using a combination of analytical results and
numerical heuristics.
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Fitting the directed-reciprocal St model to real networksy 10°s
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Fitting the directed-reciprocal S* model to real networks
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Main takeaways

> Rethinking the link between connections and distances allows the extension of the network
geometry framework to directed networks.

> Assuming an underlying geometry is a simple modeling approach that can reproduce several
complex topological properties observed in real networks.

M. Angeles Serrano

Geometric description of clustering in directed Universitat de Barcelona & ICREA

networks

Antoine Allard ™, M. Angeles Serrano & Maridn Boguiia

Nature Physics 20, 150-156 (2024)

Marian Boguna

Jerémi Lesage -
Universitat de Barcelona

Université Laval

Local topological patterns and geometry parsimoniously explains the mesoscale
organization of empirical complex networks

Jérémi Lesage," ? M. Angeles Serrano,®*? Maridn Bogund,®* and Antoine Allard’?

Preprint on arXiv and code in GitHub are expected this summer.
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Main takeaways

> Symmetries of the embedding space can be leveraged to de-
sign efficient embedding algorithms.

> Around the most likely coordinates, there is a cloud of plau-
sible alternatives (the typical set) whose properties may be
quite different from that of pointwise embeddings.

> Rethinking the link between connections and distances al-
lows the extension of the network geometry framework to
directed networks.

> Assuming an underlying geometry is a simple modeling ap-
proach that can reproduce several complex topological prop-
erties observed in real networks.

iNA'V\E,f&f CIMMU

Centre Interdisciplinaire en Modélisation
Mathématique de "Université Laval

@ Dynamica

Alliance de recherche
numérique du Canada

NSER[: Z:nrce':herche .
CRSNG Québec

NpJ | complexity

Editorial | Qpen access | Published: 17 April 2024
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Aims & Scopes npf Complexity 1, Article number: 4 (2024)

npj Complexity considers research that explores all aspects of complex systems at the interface of multiple fields.

The journal covers @ broad range of topics including but not limited to:

« Network science, including the analysis of complex networks such as social networks, biological networks,
infrastructure and information networks

« Emergent phenomena, self-organization, and scaling in complex systems

« Nonlinear dynamics, chaos theory, and dynamical systems theory

« Agent-based modeling and simulation techniques for studying complex systems

« Complex adaptive systems, such as adaptive behavior in biological, ecological, and social systems

« Multi-scale analysis techniques across different levels of crganization, from micro to macro scales
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