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Projected Markov Chain

Markov Chain Projection
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Complexity

Where did the complexity go?

RN
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Complexity

Where did the complexity go?

Part of the complexity is now hidden

/ \ in the [projected] dynamics.
Emergence of effective memories.
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Effective Memory

How can we compute the emerfing memory effects?
Ho = H(Yt)
Hy = H(Y¢|Yi_1)

Hy = H(Yt|Yt—1, Yi—2)
H3 H4

Hr
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Eigen Partitions

Eigenvalues
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Eigen Partitions

Eigenvalues
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Partitioning with dynamics



Random walk covariance

A walker is visiting nodes on the
network. Let's measure how it get
trapped in a partition.

Let's define:

Xc characteristic function of partition ¢
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Covariance of partitions along the
dynamics:

Cov(X, Y) = E(XY) — E(X)E(Y)
1

E(xe()xe(t = 1) = - S A
ijec

Exe(®) = 5 Yk
iec



Modularity

Random walker covariance

Modularity: — : —
Xc Characteristic function of partition ¢
1 RiR;
A=om ; [A"f - Zm] o(ci- ) Q o 3 Cov (xe(t), xelt +1))
C

Linear correlation between consecutive time-steps.

Shen et al. (2010) PRE, 82, 016114
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Back to the Entrogram

Io = I(Yt; Yt—7'9 .o )
I(Yt; Yt—T)
h = I(Ye: Y275 - - - |Yi—7)

)

I3 I4

where 7 represents a time-scale parameter.

M.F. et al, Journal of Complex Networks, cnx055
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What about generative models?

I(Ye; Yi—1) = H(Yy) + H(Yt—1) — H(Yy, Y1—1)
HY) ==Y Slog o ec=) A

—~2m - 2m

i€c,j
€cd €cd
H(Yt, Yy—1) = — Z m log m €cd = Z Ajj
cd iec,jed

In binary undirected networks
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What about generative models?

I(Ye; Yi—1) = H(Yy) + H(Yt—1) — H(Yy, Y1—1)

DC-SBM
e e
) =—3 - log-—  ec=> A 1 e
g 2 m icc,j Sc x — > eclog o
ed . ©cd cd c*d
H(Yt, Yy—1) = — Z —log— eq= Z Ajj
por 2m 2m

iec,jed

In binary undirected networks
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Non linear communities

Objective function: I(Ye, Yi—+)

Modularity

Q o< 3= Cov (xc(t), Xxc(t + 1)) DC-SBM

. e
I(Y[, Yt_-,-) xX — er €rs |0g erress
In some cases

Spectral Properties

Shen et al. (2010) PRE, 82, 016114.
Karrer and Newman (2011), PRE 83, 016107.
Rosvall and Bergstrom (2008) PNAS 105, 1118.
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Where the dynamical part enter?



Example 1: One cycle

How many partitions?

Adj:
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Example 1: One cycle

How many partitions?

Adj:
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How many partitions?

J

Adj

12
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Example 3. Ocean buoys

VOS Crew Deploy Next Generation SVP Drifler Surface Velocity Program
Photo by: GDP “mini" drifter

Rk Lunokin, NOAAAOML
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Example 3. Ocean buoys
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Example 3. Ocean buoys
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ARCTIC OCEAN

NORTH PACIFIC OCEAN.
e Norh B Tt
e Pt B Gt

i Souh Equo

soutr
PACIFIC

T o e curert
Aoy
© Cicumpotar Carert
- SoUTHERN
il OCEAN'
fosS

ANTARCTICA

ARCTIC OCEAN -

o

g oot
Tt

Sy

Wlﬂnn
J;":;c.%zrw-l
e

)

oA

S OcEAN
B,

“SOUTHERN "~
OCEAN

IOELLBON A

s




Questions?

M. Faccin, Hasselt 2019

Joint work with:
JC Delvenne
M Schaub g8

https://maurofaccin.github.io
mauro.faccin@uclouvain.be

Code at:
https://github.com/maurofaccin/entropart
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