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Today’s Menu

• AI4Science: A new paradigm for scientific discovery?

• Free Energies in Physics and Machine Learning

• Examples of AI4Science:
• Transition Path Sampling 
• Classical Density Functional Theory
• Quantum Variation Monte Carlo
• Gravitational Lensing

• Outlook



Free Energy =    Energy     -      Entropy
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Ability to perform physical work Level of organization, information of a system

Industrial Revolution: ±1820 Information Revolution: ±1940 



Generative AI: Images
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Generative AI: Videos

5“A shot following a hiker through jungle brush.”



Deep learning in the natural sciences

Protein Folding

Molecule Generation

Plasma Control



Sören von Bülow, Mateusz 
Sikora, Gerhard Hummer. 
MPI of Biophysics

From Experiment to Computer Simulation

data

COMPUTATIONAL 
COMPLEXITY

TIME

Era 3: In-silico design

Era 2: Data-driven modelling

Era 1: Trial-and-error



From Simulation to Emulation
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slow

fast

Simulate

Emulate

Simulate                   Train NN Surrogate                      Emulate

Amortization



From Physics to ML
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Expectation Maximization as Stochastic Thermodynamics
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= Work + Heat + System Entropy change

= M-step + E-step
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E-step: min
Q

F(Q, ✓)

M-step: min
✓

F(Q, ✓)
EM-algorithm:

Thermodynamics:

(from 1994 “Helmholtz Machine” paper)



E.T. Jaynes
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Bayesian View of Statistical Mechanics:
Entropy is our degree of ignorance about the microscopic degrees of freedom of a system



Generative AI

2015



Diffusion Based Models

2021

• Crooks Fluctuation Theorem:

• The faster you want to generate, the more work you dissipate to the environment.



Generative AI: Molecules!



Free Energy is all you need

Variational Inference
MCMC Sampling

Optimal Control
G-Flows

Schrodinger Bridges 
Optimal Transport

Diffusion Models
Normalizing Flows

Free Energy
<latexit sha1_base64="M5rNj03nYDEz2jOYNyDa8VYj9MQ="></latexit>

Q(Z) = Q0(z0)
TY

t=1

Ft(zt|zt�1)

P (Z) = PT (zT )
TY

t=1

Bt(zt�1|zt)

• Q & P are Markov Chains:

• Objective is to minimize KL(Q||P)
(a.k.a. Free Energy)



DiffLinker: Molecular Linker Design
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GEOM Dataset

Input Fragments True Molecule DiffLinker Samples

ZINC Dataset

Input Fragments True Molecule DiffLinker Samples

CASF Dataset

Input Fragments True Molecule DiffLinker Samples

Input fragments Reference molecule Generated  molecule



Transition Path sampling

PIPS :  Path Integral Path Sampling:

Given initial state 𝑟! and target state 𝑟" find the series 
of intermediate states {𝑟#, 𝑟$, … , 𝑟"%#} that describe the transition 
path of minimal energy. 

Sampling transition paths between molecular conformations

Source: https://www.e-cam2020.eu/rare-events-story/

Project Sisyphus

Train policy to force molecule over energy barrier 

extra force termLangevin dynamics:



Alanine Dipeptide

Collective Variables:

Dihedral angles 𝜓 and 𝜙

� Extensively studied molecule with known collective variables

With Lars Holdijk, Yuanqi Du, Ferry Hooft, 
Priyank Jaini, Bernd Ensing



Learning the Free Energy of Classical DFT

Jacobus Dijkman:
(with B. Ensing 
J.W. van Meent
M. Dijkstra
R. Van Roij)

• Consider liquid/gas with the following free energy:

Internal Free Energy External Potential Chemical Potential

Grand Potential Functional Particle Density

• Learn             from MD data

• minimize            over density for new V

• Dynamics: 
<latexit sha1_base64="/yev2/Mgljg/Ct/kq9pURdAxnz0="></latexit>
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Training a free-energy approximator: naïve approach



Training a free-energy approximator: 
pair-correlation matching

V=0

V≠0



Classical DFT application



Classical DFT application



Classical DFT application



Some Results



Wasserstein Variational Monte Carlo

• Train a Neural Network to represent the (quantum) wavefunction of the ground state

Source: https://deepmind.google/discover/blog/
ferminet-quantum-physics-and-chemistry-from-first-principles/Source: https://www.nature.com/articles/s41557-020-0544-y



Quantum Variational Monte Carlo

• Minimize Energy of physical system described by Hamiltonian H over wavefunction:

•  Define neural representation for                                         and follow gradient: 

• Claim: this can be viewed as a gradient flow of E[q] in a Fisher-Rao metric + a KL projection.
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q(x, ✓) = | (x, ✓)|2



Geometrical Viewpoint

• Introduce manifold for densities by defining a distance between densitities:

• Wasserstein metric moves probability mass over a vector field (like a physical flow)

• Fisher-Rao metric allows for nonlocal teleportation of probability mass

Wasserstein metric Fisher-Rao metric

Kirill Neklyudov



• By  using the gradient flow of the Wasserstein or Fisher-Rao metrics we get two gradient flows to minimize F:

• Equilibrium (in both cases) if:

Two Flows to Minimize F[q]

F-R Grad. Flow on           + Projection  
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Idea: Use Wasserstein Gradient Flow Instead 

• Estimator has better variance properties.

• Through geometrizing QVMC we could 
improve the method. 



Astronomy…

Model Inversion applied to gravitational lensing:

UNet

Data-Forcing



How can AI help the Sciences?

32

Schrodinger eqn. Langevin eqn. Navier Stokes eqn.

Materials Science:
Generating materials

Catalysis:
Accelerate reactions.

Drug Discovery:
Generating Molecules

Fokker-Planck eqn.

(DFT+ML, 
QVMC: Fermi & Pauli Net) (MD+ML=ML Force Fields) (PDE Surrogates: FourcastNet, 

                               GraphcastNet)
(Classical DFT + ML)
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AI4Science

Computational 
Chemistry 

Molecular 
Biology

Quantum 
Computing

Machine 
Learning

Sustainability

Health 

Application

Modeling 
Technology

Science

Energy 

Condensed 
Matter 
Physics 

Computational 
Science 

A Golden Age of Materials
33

T
i
m
e

Stone age

Bronze age

Iron age

Plastic age

“Material-on-demand age”?



Conclusions

ML

scientist

ML

Science

Deep connection between AI 
and natural sciences 

àFree Energy is the bridge 

ML is the new hammer for 
computational scientist.

Applications in health & sustainability:
new drugs & materials.

F


