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We need good catalysts to:

Generate H,

Capture €O,

Reduce the environmental cost of many energy
iIntensive chemical processes

All of this should be done at an industrial scale
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The challenge
Industrial catalysis takes place at high temperature and pressure.
Experiments are difficult
Modeling the high temperature reactive environment of a catalyst is challenging

The operando behaviour is inferred from low temperature experiments and theory
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Al comes to the rescue

Unravelling the workings of a
catalyst in operando conditions
through machine-learning
accelerated molecular dynamics

ML-based interatomic

potentials Study large systems (>1k atoms) on long

time scales (> 100 ns) with DFT accuracy
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Veronique Van Speybroeck®’ iD

evaluate QM add geometries
energy and forces to training data

reactivity at
operating conditions

training
data

MLP includes
relevant
chemistry?

biased ’

sampling yes

sample geometries

(active learning) train ML potential
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Data-efficient machine learning potentials

Combine machine learning, enhanced sampling and active learning (AL) to construct training datasets for
reactive potentials in a data-efficient way

Build uniformly accurate MLP along
reactive pathways with just ~ 1k

1. Exploration:

Iterative reactive R
pathways discovery P e

i —' reference calculations
- (P h i per reaction step
& Standard Data Efficient
lzJﬁ(i:fZ:r:\e;ii::ae(;y -,ll : i : ; NH3 decomposition 110000 (Fe) 5000 (FeCo)
along reactive paths :il ﬂ h Lateral interactions 230000 (Fe) 8000 (FeCo)

! a@ 20-30x less calculations!
Final ML potential GraphNeural Networks

MACE
Perego & Bonati, ChemRxiv (2024)
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Transfer learning from atomistic foundation models

How do we learn efficiently ML potentials for
atomistic systems with few and/or costly reference
data?

Leverage the availability of large datasets .m

*"Foundation models" based on graph neural
networks (GNNs) trained, e.g. on the OC20 dataset e.g. OPEN CATALYST:

270 millions of DFT calculations

* Not easy to fine-tune them to specific systems

Falk, Bonati, Novelli, Parrinello, Pontil, Neur/PS 2023
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a. Extract a representation from a pre-trained GNN atomistic foundation model

b. Learn energy and forces for MD via large-scale kernel techinques

== 512 RFs (train) == 1024 (train) == 4096 (train) _ 8 Train samples 32 Train samples 128 Train samples
—— 512 RFs (val) = 1024 (val) = 4096 (val) Train time on 4xA100 GPUs . " . A ’ A :
°§ # Samples | Train time [s] S o g n A e a Pon
i 8| 58+£04 g
. Abes I N A A A Ao
%ﬁ 128 | 16.6 = 0.9
P 512 | 46.44+0.9 -
: 2048 | 163.8+ 0.6 3 M
8 :
2 3 4 5 2 3 4 5 2 3 4 5
r [4] r [A] r [A]
Training samples
Accurate and data-efficient Requires ~seconds Reliable MD simulations with just a
force predictions to fine-tune models handful of training samples

Jorro, Novelli, Bonati, Meanti, Rosasco, Parrinello, Pontil, in preparation



.+~ | Finanziato 23, Ministero : . e e
% : |dall'Unione europea \ dell’Universita [taliadomani Artificial
Faan” ; - PIANO NAZIONALE Intelligence
al NextGenerationEU e della Ricerca DI RIPRESA E RESILIENZA Research

Learning dynamics from static calculations

Free energy

Langevin dynamics : Biased Langevin dynamics
1 2kpT . 1 2kpT .
dXy = —— dt AW, ) ) X, = ——V(U(X,) + V(X,)dt + dW
Xt 7mVU(Xt) N ym ! Ch ‘ ym ( ( t) + VI t)) i ym '

Large scale dataset : chignolin miniprotein folding

a) First eigenfunction (DE Shaw) b) First eigenfunction (biased data)
2.00+ ] .

Validation on a toy model :

Ground truth Generator EF
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Computational Design of PET Degrading Enzymes

Designing mutations to stabilize the Transition State

Ensemble via a ML-based committor function?
MHET TPA ©

()4 ﬁ,/\,owp*

PETase MHETase
R VAV 2
LQXOVNO o

PET polymer chain

00k

MHETase shows a strong ability to degrade the PET monomer
at room temperature, converting it back into the precursors used
in PET production!

[1] ACS Catal. 2021, 11, 10416 [2] Nat. Comput. Science 2024, 4, 451




