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Markov State Models
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Bowman et al. “An introduction to Markov state models…” Springer (2014)
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Analysis: Markov state models (MSMs)

Husic, Pande JACS (2018) “Markov State Models: From an Art to a Science”
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Success of MSMs for protein systems
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Chodera et al. JCP (2007) Voelz et al. JACS (2010) Plattner et al. Nat Comm (2015)

Pande and coworkers 
Noé and coworkers 

many more…

Well-characterized, low-dimensional features provide 
a great starting point for building kinetic models.

Recent Review - Husic and Pande “Markov state 
models: from an art to a science” JACS (2018)



MSMs for many-particle systems
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Prada-Garcia et al. JCP (2012)

Water hydrogen bonding dynamics

Sodt et al. JACS (2014)

Lipid ordering in bilayers

Specialized, system-dependent input features Hidden-Markov-model-based 
identification of states

Barz, Liao, Strodel JACS (2018)

Amyloid aggregation kinetics



Kob-Andersen model for glassy liquids

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



MSMs on observable states
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MSMs on hidden states
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Coordination numbers as input features

JFR, Radu, Bereau J Chem Phys (2019)

Automated detection of many-particle solvation states



Automated detection of many-particle solvation states
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Structured free-energy landscape 
describing distinct solvation states

dimensionality reduction

JFR, Radu, Bereau J Chem Phys (2019)



Automated detection of many-particle solvation states
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network description of diffusion

JFR, Radu, Bereau J Chem Phys (2019)

clustering + MSM 

construction 



Automated detection of many-particle solvation states
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network description of diffusion

JFR, Radu, Bereau J Chem Phys (2019)

clustering + MSM 

construction 

- Mechanistic insight into solvation shell dynamics

- Quantification of dynamic heterogeneity

Δxi, ti
w Δxj, tj

w
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VAEs for MD analysis

Noe ArXiv (2019) “Machine Learning for Molecular Dynamics on Long Timescales”
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Chen, Ferguson J Comp Chem (2018) “Molecular enhanced sampling with autoencoders: 

On-the-fly collective variable discovery and accelerated free energy landscape exploration” 

VAEs for collective variable discovery
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Time-lagged autoencoders

Christoph Wehmeyer and Frank Noe JCP (2018) “Time-lagged autoencoders: 
Deep learning of slow collective variables for molecular kinetics”
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Data driven approach to Koopman Theory

7
Lusch et al. Nat Comm (2018) “Deep learning for universal linear embeddings of nonlinear dynamics”

Loss functions

9T: Number of time steps α1, α2, α3, Sp : Hyperparameters



Interpretable embeddings for molecular kinetics using deep 
learning
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Standard Autoencoder

Bozkurt Varolgunes, Bereau, JFR in progress

Input Reconstruction
x ≈ x'

DecoderEncoder
X X'𝑄φ

Bottleneck

P𝜃
ℒ 𝜃, 𝜙; 𝑥 = 𝔼 𝑥 − 𝑄φ P𝜃 𝑥
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Interpretable embeddings for molecular kinetics using deep 
learning
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Variational Autoencoder with Unimodal Gaussian Prior

Bozkurt Varolgunes, Bereau, JFR in progress

Input Reconstruction
x ≈ x'

DecoderEncoder
X X'𝑄φ 𝑧|𝑥

z

P𝜃 x|z

z

x

𝜑 z

x𝜃

ℒ 𝜃, 𝜙; 𝑥 = 𝔼𝑄𝜙 𝑥,𝑧 log 𝑃𝜃 𝑥, 𝑧 − log 𝑄𝜙 𝑧|𝑥

ℒ 𝜃, 𝜙; 𝑥 = 𝔼𝑄𝜙 𝑧|𝑥 log 𝑃𝜃 𝑥|𝑧 − 𝐾𝐿 𝑄𝜙 𝑧|𝑥 ||𝑃 𝑧
Reconstruction Regularization



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

IThe aim of this study is to automatically extract a small number of collective
variables from a set of simulation trajectories.

IThe extracted variables should accurately characterize not only static
properties but also the long time scale dynamics.

INonlinear dimensionality reduction methods are employed for this task.
I Interpretability of the reduced space is critical.
IThe proposed Gaussian mixture variational autoencoder scheme extends the
capability of variational autoencoders by replacing the Gaussian prior with a
more general Gaussian mixture prior.

Traditional Variational Autoencoder (VAE)

IProbabilistic view on autoencoders [1]
IOptimize variational lower bound on likelihood
IChoose prior p(z) to be simple, e.g., Gaussian
IEasy inference and learning

IDimensionality reduction
I Synthetic trajectory generation

Gaussian Mixture Variational Autoencoder (GMVAE)

IUnimodal prior is insu�cient to approximate the original data distribution,
especially when the input data is highly multimodal.

IReplace the unimodal Gaussian with a more complex prior, e.g., a mixture of
Gaussians in order to characterize the multimodality [2, 3].

DecoderEncoder
X X'𝑞𝑞φ y, 𝑧𝑧|𝑥𝑥

z

p𝜃𝜃 x|z

Input Reconstruction
x ≈ x'

ℒ 𝜃𝜃,𝜙𝜙; 𝑥𝑥 = 𝔼𝔼𝑞𝑞𝜙𝜙 𝑦𝑦,𝑧𝑧|𝑥𝑥 log
𝑝𝑝𝜃𝜃 𝑦𝑦
𝑞𝑞𝜙𝜙 𝑦𝑦|𝑥𝑥 + log

𝑝𝑝𝜃𝜃 𝑧𝑧|𝑦𝑦
𝑞𝑞𝜙𝜙 𝑧𝑧|𝑥𝑥,𝑦𝑦 + log𝑝𝑝𝜃𝜃 𝑥𝑥|𝑧𝑧

ℒ 𝜃𝜃,𝜙𝜙; 𝑥𝑥 = 𝔼𝔼𝑞𝑞𝜙𝜙 𝑦𝑦,𝑧𝑧|𝑥𝑥 log𝑝𝑝𝜃𝜃 𝑥𝑥,𝑦𝑦, 𝑧𝑧 − log 𝑞𝑞𝜙𝜙 𝑦𝑦, 𝑧𝑧|𝑥𝑥
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IDimensionality reduction + Clustering
I Synthetic trajectory generation

Model

Inference model (Encoder)

q(y , z |x) = q(y |x)q(z |x , y)

y ⇠ Multinomial(x)

z ⇠ N (µz(x , y), �
2
z(x , y))

k: Number of clusters

Generative model (Decoder)

p(x , y , z) = p(y)p(z |y)p(x |z)

y ⇠ Categorical
⇣1
k

⌘

z ⇠ N (µz(y), �
2
z(y))

x ⇠ N (µx(z), �
2
x(z))

Results

One dimensional quad-well potential

V (x) = 2(x8+0.8 exp(�80x2)+0.2 exp(�80(x�0.5)2)+0.5 exp(�40(x+0.5)2)

Two dimensional Muller-Brown potential

V (x) =
4X

j=1

Aj exp[aj(x1 � Xj)
2 + bj(x1 � Xj)(x2 � Yj) + cj(x2 � Yj)

2]

Conclusions & Future Research Directions

IWe employ the Gaussian mixture latent space representation to capture the
intrinsic multimodality.

IWe plan to incorporate a type of RNN structure to discover the correlations
among time series data.

IWe will apply the method to distinguish distinct
solvation states, and to characterize di↵usion
kinetics in many-particle systems.
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Bozkurt Varolgunes, Bereau, JFR in progress
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Thank you for your attention!
Contact, papers, and current updates on my research @ RudzinskiResearch.com
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