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Why generative modeling for molecules?

find candidates for drugs and materials (inverse design)

win a nobel prize:)

THE NOBEL PRIZE
IN CHEMISTRY 2024

understand molecular origin of diseases
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Some Motivation: uptake affinity prediction
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Molecules are not static...

Potential energy
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bound state

unbound
state I
Would it bind at all?
Boltzmann density
Which one binds
_exp(—u(x)/kT) A) A better?
uix) = =
“likelihood of a state” b 4 / : v
A B
Partition function
p— “neg. log likelihood. of
Z)=P(A) = f (x) Free energy state”
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+ log likelihood
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Free energy difference Computing FED requires sampling...
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Answers requires sam pIing... Classic workhorse:
Molecular / Langevin dynamics simulations

X ~ exp(—u(x))/Z X ¢ X — Vxu(x)dt + V2dt n, 1~ N(0,I)
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Numerical precision: step size 1-4 fs

Relevant biological scales: 1 ms — hours... 7



2ms of molecular dynamics
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Source: Frank Noé



Boltzmann Generators. Noé*, Olsson*, |[K*, Wu. Science. 2019

Boltzmann Generators

Frank Noé Simon Hao Wu
Olsson

1. Sample noise from base distribution

2. Transformvia a trainable diffeomorphism
(Normalizing Flow)

3. Reweigh against the target

1. Sample Gaussian
distributioﬂ//pﬁk
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Boltzmann Generators. Noé*, Olsson*, |[K*, Wu. Science. 2019

Quick Recap: Normalizing Flows'

diffeomorphi

sm ~a
f

r=f(z;0) ~plz;0) =
density of
samples
) — = T -1/

1: Variational inference with normalizing flows. Rezende & Mohammed. ICML. 2015
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Fisure: Neural ODEs, Chen et al. NeurlPS. 2018



Boltzmann Generators. Noé*, Olsson*, |K*, Wu. Science. 2019 match base

Training mode I: negative log-likelihood /

Minimize

Lnrp(0) = Dy ()| p(a; 0)]+const.

inverse mode
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Fisure: Neural ODEs, Chen et al. NeurlPS. 2018



Boltzmann Generators. Noé*, Olsson*, |[K*, Wu. Science. 2019

sample base

Training mode Il: reverse KL

forward

mode  ™a
f

Minimize

L (8) = Dy [pla; 0)|| p(x)]+const.

Mode collapse!
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Fisure: Neural ODEs, Chen et al. NeurlPS. 2018




Boltzmann Generators. Noé*, Olsson*, |[K*, Wu. Science. 2019

Our setup
Lnpp(0) « keep modes!

A

1. NLL on biased samples
(e.g. non-converged MD trajectory)

2. combine with KL training

[
3. correct with importance sampling
ple) biased
i U = :w )
EulO@) = : L;[.e.} “J] /trajectory
z ~ ji(x)
better fit
Joint loss:
LO)=a Lxr0)+F-Lnrr0)
\ /
convex combination 13

Fisure: Neural ODEs, Chen et al. NeurlPS. 2018



Boltzmann Generators. Noé*, Olsson*, |K*, Wu. Science. 2019

Test systems
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dimer in particle box protein (BPTI) in implicit solvent



Boltzmann Generators. Noé*, Olsson*, |K*, Wu. Science. 2019
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Actual picture of the
method at this state...
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Rigid molecules

Symmetries

What are possible problems?

Smoothness, topology, scaling, ...



Smooth Normalizing Flows. Kéhler*, Klein*, Noé. ICML. 2020

Equivariant Flows

TL/DR: normalizing flows with group symmetries
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Equivariant Flows. Kéhler*, Klein*, Noé. ICML. 2020

Symmetries | .
Invariant energy / density

VR € p(G): u(Rx) = u(x)

Arbitrary flow maps

p(Rx;0) # p(z;0) «— Bad for reweighing

\

Handles data
inefficiently!

20
Figure: Neural ODEs, Chen et al. NeurlPS. 2018



Equivariant Flows. Kéhler*, Klein*, Noé. ICML. 2020

P el e

Equivariant Flows :

Constraint on group representations

n(p(g)z) = p(x)

|

|det p(g)| = 1.

equivaria -
\ -
" V(x)

Important for molecules:
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1: Eaquivariant Hamiltonian Elows. Rezende et al. arxiv:1909.13739 Figure: Neural ODEs, Chen et al. NeurlPS. 2018



Equivariant Flows. Kéhler*, Klein*, Noé. ICML. 2020

Follow-up work

. . .
Equivariant flow matching Transferable Boltzmann Generators
Leon Klein Andreas Krimer Leon Klein Frank Noé
Freie Universitit Berlin Freie Universitiit Berlin Freie Universitit Berlin Microsoft Research Al4Science
leon.klein@fu-berlin.de andreas.kraemer@fu-berlin.de leon.klein@fu-berlin.de Freie Universitit Berlin
Rice University
Frank Noé franknoe@microsoft.com

Microsoft Research Al4Science
Freie Universitit Berlin
Rice University
franknoe@microsoft.com

no energy training zero-shot for unseen
needed! molecules!



Rigid Body Flows for Sampling Molecular Crystal Structures. JK, M. Invernizzi, P. d. Haan, F. Noé. ICML (2023)

Rigid body flows for molecular crystals

Pim de Frank Noé
Invernizzi Haan

TL/DR: smooth and equivariant flows on SE(3)
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Motivation: solvent systems and crystals
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Figure: Wikipedia
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Charting

Cut manifold open into charts and apply flow to chart

e Easy to implement
e [ast

6’\'0-'-061

Normalizing
Flows

e Non-smooth solutions!

Figure: Wikipedia

Normalizing flows on riemannian manifolds, Gemici M., et. al. arXiv:1611.02304, 2015

Figure: Gemici (2015)
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Continuous flows on manifolds
Integrate NN dynamics on manifold

e Works on every Riemannian manifold
e Smooth

e Difficult to train
o Likelihood easy with flow-matching...
o Rev. KL: adjoint method

e Slow integration
e Not scalable to high dimensions

Lou, Aaron, et al. "Neural manifold ordinary differential equations." NeurIPS 2020
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Return of the gradient flows

Strictly convex (]5: R4 - R

Vaé(T)

2o6(®) = 19,0
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Results: Ice in different thermodynamic states

TARGET

MBAR

LFEP

N=16, T=100 K
N=16, T=50K
N=128, T=100 K

-41.857 £ 0.007
-114.251 +0.007
-41.535 + 0.002

-41.859 +=0.002
-114.252 £ 0.005
-41.534 +0.003
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How to save the world now?

1. Generate *illions of MOF candidates

2. Understand which of them are stable

3. Understand which of them are good for the task
4. Synthesize themin alab

5. Success?

Q
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Water or CO2?

H20 uptake for CALF-20

12

10

Uptake (mol/kg)

’ ‘)
0
0.000 0.005 0.010 0.015 0.020 0.025 0.030

Pressure (bar)

CO2 uptake for CALF-20

0.0 0.5 1.0 1°5 2.0 25
Pressure (bar)
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Computing the uptake curves

.- -

A,

p(x,N) o exp(=U(x) + uN)

Uptake (mol/kg)

Uptake (mol/kg)

H20 uptake for CALF-20

0.010 0.015 0.020
Pressure (bar)

CO2 uptake for CALF-20

1.0 1°5 2.0
Pressure (bar)

025 0.030
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Boltzmann Generators for the problem?

Symmetries Rigid molecules

Mo

Varying N?

38
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