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t€[0.0,0.165)
o NN agents, represented by nodes in a network
@ each agent has one of M discrete states
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o NN agents, represented by nodes in a network
@ each agent has one of M discrete states
(e.g., opinion)
@ time evolution of states: continuous-time
Markov chain
@ an agent in state m transitions to state n
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o model parameters: rp n, Fmn > 0. 5
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Erdés—Rényi random graph
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Erdés—Rényi random graph

Marvin Liicke

(o]

1.0

0.8 -
0.6 g

’,’
0.4 -
0.2-

~—- ER, N=1000
ER, N=10000

0-0 T T T T

50 100 150 200

LARGR 2023, Lille

3/7



1.0
0.8 +
0.6
G
" , . 0.4 +
Erdés—Rényi random graph
02 n _—_— ER, N=1000
ER, N=10000
— mean-field solution
0.0 T T T T T
0 50 100 150 200
t

—c(8) = 3 cm(t) (FminGa() + Fimn) e — em)

m#£n

Marvin Liicke LARGR 2023, Lille 3/7



1.0
0.8 A
0.6
)
Y L. 0.4
Erdés—Rényi random graph
02 4 -—- ER, N=1000
ER, N=10000
If p > log(N)/N: —— mean-field solution

0.0 T

0 50 100 150 200

sup [|CV() = c()ll | 5 0. :

0<s<t —00

Proof: Law of large num-
bers, concentration inequali-
ties, Gronwall’'s lemma m#n

Marvin Liicke LARGR 2023, Lille 3/7



1.0
0.8 -
0.6
P N e
" ;. 0.4 -
Erdés—Rényi random graph
ER, N=1000
0.2 1 ER, N=10000
—— mean-field solution
—==- ring, N=10000
0.0 T T T T T
0 50 100 150 200

ring graph dt

m#£n

Marvin Liicke LARGR 2023, Lille 3/7



Stochastic block model
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Stochastic block model
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Stochastic block model
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QOutlook: Learning collective variables from data

@ So far: ¢ = concentration of states (in subgraphs).

o For other networks, a different choice for ¢ might be required.

LA. Bittracher et al., Journal of Nonlinear Science 31 (2020)
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QOutlook: Learning collective variables from data

@ So far: ¢ = concentration of states (in subgraphs).
o For other networks, a different choice for ¢ might be required.

@ Idea: Learn most important dynamical information (collective variables) from data (e.g., system
trajectories) and choose c to extract this information

o We use the transition manifold approach' for this purpose.
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LA. Bittracher et al., Journal of Nonlinear Science 31 (2020)
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Example: Barabasi-Albert network (scale-free)
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Example: Barabasi-Albert network (scale-free)

e Only M = 2 opinions, x; € {0,1}.

N

1

= E ajx;j = weighted concentration of states.
lall =

c(x) :
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Example: Barabasi-Albert network (scale-free)

e Only M = 2 opinions, x; € {0,1}.

Za,-x; = weighted concentration of states.

0.5

0.4

= The weight «; is given by the node
degree d;! Thus, c is the
degree-weighted concentration.
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Thank you for your attention!
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