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Markov State Models
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Analysis: Markov state models (MSMs)
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Analysis: Markov state models (MSMs)
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Success of MSMs for protem systems P]
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MSMs for many-particle systems

Lipid ordering Iin bilayers
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JFR, Radu, Bereau J Chem Phys (2019)
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Ciamarra, Pastore, Coniglio “Particle jumps in structural glasses” SM 2016 8



MSMs on observable states
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MSMs on hidden states
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Automated detection of many-particle solvation states

Coordination numbers as input features
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Automated detection of many-particle solvation states P:

HMM Filter

raw feature
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network description of diffusion
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network description of diffusion
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VAEs for MD analysis
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VAEs for collective variable discovery
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[ 1ime-lagged autoencoders
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Data driven approach to Koopman [heory
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Interpretable embeddings for molecular kinetics using deep
learning

Standard Autoencoder
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Interpretable embeddings for molecular kinetics using deep
learning

Variational Autoencoder with Unimodal Gaussian Prior

X=X :
Input Reconstruction

Decoder
Py (x|z)

Encoder

Qo (z]x)

L(O,P;x) = Egy(x2) :].og Po(x,z) —logQy (Z|x)]

£(0, %) = Eq, o llog P (x12)] ~ KL (Qu (z10)IP(2))

Reconstruction Regularization

Yasemin Bozkurt Varolgunes

Bozkurt Varolgunes, Bereau, JFR in progress 20



Interpretable embeddings for molecular kinetics using deep
learning
Gaussian Mixture Variational Autoencoder
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Interpretable embeddings for molecular kinetics using deep
learning

Two dimensional Muller-Brown potential
4
V(x) =) Ajexplaj(x1 — X))> + bj(x1 — X)) (x2 — Y}) + (32 — V)’]
j=1

Confusion Matrix

accuracy=0.98; misclass=0.02
7.2
0.8
6.3 0 0.0000 0.0000
5.4
>‘0.6-
4.5 & [,
— 0 O
X S © .1 0.0968 0.6758 0.2275
0.4 S
2.7 =
1.8 02
' 5>/ 0.0002 0.0000 0.9998
0.9
-0.5 - - - - - 0.0 0.0- : : -
=15 -10 -05 00 05 1.0 -5 -4 -3 -2 -1 0 1 2 3 Q ~ v
X0 z Predicted label

-15 =10 <05 00 05 10 ~<15 ~-<10 =05 00 05 10 <15 ~10 =05 Q0 0.5 10
X0 x0 X0

Bozkurt Varolgunes, Bereau, JFR in progress 22



Interpretable embeddings for molecular kinetics using ¢
learning
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Variational autoencoders for dimensionality P:
reduction and clustering of molecular dynamics data

[ hank you for your attention!

Contact, papers, and current updates on my research @ RudzinskiResearch.com
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