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Figure 1: Illustration of molecular representations in Markov state models (MSM) and dy-
namic graphical models (DGM). A: cartoon representation of protein conformational states
found along a trajectory. B: MSM with Markov states, Si, and transition probabilities
between states Si and Sj, pij. The number of different Markov states, Si, may grow expo-
nentially with the number of features, and only feature combinations that have been observed
can be encoded in Markov states. C: DGMs represents the current state of the system via
the states of its sub-systems, �i that are coupled by parameters Jij. The DGM can still
encode exponentially many states, but the number of model parameters grows much slower.
DGMs can predict system states that have not yet been observed.
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What happens to the potential energy — and what about the force?
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Emmy Noether

“If a system has a continuous symmetry 
property, then there are corresponding quantities 

whose values are conserved in time.”

Symmetry  Conservation Law⇔



A transferable Boltzmann Generator for small molecules

Juan Viguera Diez

Viguera Diez J, Romeo Atance S, Engkvist O, Mercado R, Olsson S*. ELLIS Machine Learning for Molecule Discovery Workshop 
 2021

Sara Romeo Atance
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Molecular dynamics Monte Carlo

Δt ?

Correlated samples = Slow mixing Low-acceptance or

 highly correlated samples

Challenge: x ∼ p(x) ∝ exp (−βU(x))
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Generative Neural Networks

fθ(z)

GAN (Goodfellow et al., 2014) 

BigGAN (Brock et al., 2019)

pZ(z) px(x)

Prior distribution Distribution of images

x = fθ(z)

What if         was the Boltzmann distribution?px(x)

z ∼ 𝒩(0,𝕀)

Deep Generative Models



pZ(z) px(x)

Prior distribution Boltzmann distribution?

x = fθ(z)

2/36

Generative Neural Networks

fθ(z)

z ∼ 𝒩(0,𝕀)



Problem: We do not have a lot of data!

pZ(z) px(x)

Prior distribution Boltzmann distribution?

x = fθ(z)

2/36

Generative Neural Networks

fθ(z)

z ∼ 𝒩(0,𝕀)



pZ(z) px(x)

Prior distribution Boltzmann distribution?

x = fθ(z)

2/36

Generative Neural Networks

fθ(z)

But we do have U(x)

Problem: We do not have a lot of data!

z ∼ 𝒩(0,𝕀)



x = fθ(z)

JKL = 𝔼z∼p(z) [U( fθ(z)) − log detJ(z)]

Potential energy 
(‘enthalpy’)

Smearing of prior distribution

(‘entropy’)

fn

z = f −1
θ (x)

If            satisfies +

We can optimize

Noé F*†, Olsson S†, Köhler J†, Wu H. Science (2019). 365, eaaw1147. doi:10.1126/science.aaw1147.  

Dinh, Sohl-Dickstein & Bengio arXiv:1605.08803 (2016).  
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Schütt, K. T., Kindermans, P.-J., Sauceda, H. E., Chmiela, S.,Tkatchenko, A., and 
Müller, K.-R. SchNet: A continuous-filter convolutional neural network for modeling 
quantum interactions, 2017.
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