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Abstract

Computational modeling of catalytic processes at gas/solid interfaces plays an increasingly 

important role in chemistry, enabling accelerated materials and process optimization and rational 

design. However, efficiency, accuracy, thoroughness, and throughput must be enhanced to 

maximize its practical impact. By combining interpolation of DFT energetics via highly accurate 

Machine-Learning Potentials with conformal techniques for building the training database, we 

present here an original approach (that we name Conformal Sampling of Catalytic Processes, 

CSCP), to accelerate and achieve an accurate and thorough sampling of novel systems by exporting 

existing information on a worked-out case. We use methanol decomposition (of interest in the field 

of hydrogen production and storage) as a test catalytic reaction. Starting from worked-out Pt-based 

systems, we show that after only two iterations of active-learning CSCP is able to provide reaction 

energy diagrams for a set of 7 diverse systems (Pd, Ni, Au, Ag, Cu, Co, Fe) leading to DFT-

accuracy-level predictions. Cases exhibiting a change in adsorption sites and mechanisms are also 

successfully reproduced as tests of catalytic path modification. The CSCP approach thus offers 

itself as an operative tool to fully take advantage of accumulated information to achieve high-

throughput sampling of catalytic processes.

* Corresponding author’ email: alessandro.fortunelli@cnr.it
† Equally contributing first authors
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Introduction

Heterogeneous catalysis plays a critical role in modern industry and society1, and is expected to 

play an even increasingly important role in the future. Indeed, the present energy and 

environmental challenges2 require urgent solutions to chemical conversion problems, starting from 

the activation of small, inert molecules (such as CO2, N2, CH4, CH4OH, H2, etc.) under ambient 

conditions and with an activity and selectivity sufficiently high to address societal needs.3 These 

problems can only be dealt with via catalytic routes, particularly under heterogeneous conditions. 

However, presently an impasse is faced. Traditional and state-of-the-art catalysts do not satisfy 

societal specifications in all important cases e.g. of small molecule activation, despite extensive 

experimental investigations via trial-and-error approaches, even in high-throughput mode. New 

catalysts must be sought and developed. Developing novel approaches to rational catalyst design 

appears as a promising way to overcome the present impasse, given that heuristic methods seem 

to have now exhausted most of their drive. In this context, theory and simulations have proved to 

be effective tools. Indeed, predictions by modern Quantum-Mechanical (QM) approaches4-5 can 

reach for many systems a precision close to chemical accuracy and therefore provide results within 

experimental uncertainty limits.  Thus, the in-silico route for sampling new potentially interesting 

systems represents a valid and complementary alternative to experimental synthesis and catalytic 

testing, while being usually cheaper and faster. When sufficient computational power (CPU and/or 

GPU time) is available, complete reaction energy diagrams (REDs) can be and have been derived 

for many catalytic processes, predicting local intermediates and the interconnecting energy barriers 

for given reactions over a variety of catalytic substrates, often modeled as periodic slabs.6 These 

simulated reaction energy diagrams have been successful in rationalizing and explaining 

experimental observations. Although typically limited to single instances, this validation makes 

researchers confident in extending the approach to unknown catalysts, computationally testing 

their performance in a given reaction and providing materials screening and directions for 

experiment.

However, two main issues hinder a full deployment of this strategy.

First, most chemical conversion processes of societal relevance exhibit relatively complex 

mechanisms, encompassing branching points and several potential rate-determining steps7-8 (RDS, 

i.e. the slowest step along the given path). A simple, but meaningful example is the methanol 

(CH3OH) decomposition reaction which is relevant in the field of hydrogen production9-10 and 
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storage.11-12 Possible paths with intermediates and mechanistic steps for methanol decomposition 

are schematically illustrated in Scheme 1. This intrinsic complexity poses a challenge of 

thoroughness to QM computational methods, because many reaction energy barriers must be 

estimated to have a precise prediction of the overall performance of the given catalytic system and 

ensure that the overall reaction rate is accelerated when the nature of the RDS changes along with 

the catalyst or the conditions. This means that the computational study cannot be limited to the 

barrier of a single mechanistic step, but should achieve an overall picture of the reaction energy 

diagram.  Since barrier energy calculations are computationally expensive, this hinders the 

application of the QM strategy in practice, even though effective schemes have been proposed to 

partially relieve this problem under appropriate conditions.6, 13

A second issue is connected with the combinatorial number of possible candidate systems 

generated by varying the composition, size, shape, and morphology of the catalytic nanoparticles, 

entailing that only a tiny fraction of this space has been explored so far. In this context, the 

throughput required for a theoretical approach to impact on a realistic catalytic process is high, at 

least of hundreds of processed candidates per month on a modern supercomputer. Despite the 

continuous advances in hardware capacities14, these requests still exceed present computational 

resources, if computation is fully carried out at the QM level. From the above discussion it clearly 

derives the need (and hence the current active search) of ways to accelerate as much as possible 

the exploration of catalytic paths on novel systems to match the expectations, in terms of both 

efficiency and throughput, simultaneously maintaining a high accuracy.

In the present work, we present an original approach (that we name Conformal Sampling 

of Catalytic Processes, CSCP) to address all of the aforementioned issues. In particular, in CSCP 

we combine first-principles methods (in the form of Density Functional Theory, DFT15-17) and 

Machine Learning techniques (Machine Learning Interaction Potentials, MLIP, in the form of 

generalized Neural Network Potentials18-19) with a basic assumption of reaction mechanism 

conformality and translate this into an operative protocol. As we will detail in the following, 

assuming full QM knowledge of a given mechanism of a catalytic process for a known system 

(hereafter, the worked-out case), this approach allows one to translate this knowledge and 

drastically accelerate the comprehensive computational exploration of the reaction mechanisms on 

an unknown catalytic system (thoroughness), keeping DFT-level accuracy, with high efficiency 

and throughput (we refer to the SI for quantitative estimates), even accounting for some changes 
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in mechanisms, and with a high degree of transferability among diverse metals as well as among 

different processes and conditions.

The article is organized as follows. In Section 2 we present and discuss the CSCP method, 

while computational details are provided in Section 3. In Section 4 we apply the method to the 

case of methanol decomposition on two paradigmatic metal facets and show how the reaction 

energy diagram for the platinum catalyst can be used to construct the same diagram on 7 other 

possible systems, including elements with very different lattice parameters and chemical behavior, 

such as Pd, Ni, Au, Ag, Cu, Co, Fe. We also validate our approach via comparison with full QM 

calculations in selected cases, demonstrating that it achieves chemical accuracy (≤0.1 eV) in the 

prediction of reaction energy barriers. Conclusions are summarized in Section 5.

2. The approach

In current computational research in heterogeneous catalysis, periodic slab models of single-

crystal facets are typically used to describe extended surfaces of nanoparticles. This approach is 

usually adequate, as proven by the good agreement between available experimental data and 

theoretical predictions, although in some cases the finite character of the nanoparticles can play a 

role.19 A periodic slab model approach is assumed throughout this work. Also, we will use Density 

Functional Theory, DFT15, 17, as a first-principles QM method, while using the highly accurate 

Modified Atomic Cluster Expansion (MACE) Machine Learning interatomic Potentials (MLIP)20 

as implemented via LAMMPS within the OPTIM code21 to interpolate DFT energetics and to 

search for energies and coordinates in the potential energy surface space of the chemical reaction 

of interest. Additionally, we will investigate low-coverage conditions, in which only one 

decomposing methanol species at a time and its direct products are adsorbed on the chosen surface 

model. With these assumptions, we get rid of system specifics and provide a proof-of-principle 

test of the CSCP methodology, while not restricting the validity of our methodological 

conclusions.

The interpolation of DFT energetics using MLIPs has been increasingly used in recent 

years22, although its application in the context of activated processes such as catalysis and barrier 

calculations is less common.23-25  In particular, other groups have used several approaches to 

accelerate reaction path sampling, based on improved NEB initial guesses24, machine-learning 

representations25, surrogate models26, and Gaussian process regressions27 to accelerate the rate of 
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convergence of classical NEB calculations. These approaches have relationships with the rescaling 

technique and the incremental construction of the fitting data set via NEB stress tests here 

proposed. However, it should be underlined that here we construct a single, physically grounded 

MLIP that is able to describe the complete catalytic RED of the system. Moreover, as we will show 

below, our MLIP-3 is also capable of accurately predicting diffusion processes and changes in 

adsorption sites and reaction mechanisms, implying that we have a good description of the whole 

PES of the system, whence for example the possibility of correcting transition state theory via 

explicit free-energy simulations.28 CSCP is closer to very recent proposals in which MLIPs are 

trained from a large set of systems and simulations.23 With respect to this latter proposal, however, 

the novelty here lies in combining interpolation via highly accurate MACE MLIPs with 

conformality, i.e., with a rational and physically motivated construction of the MLIP fitting 

database – a critical step to maximize the efficiency and the accuracy of the approach –, and with 

stress tests in the active learning process from MLIP@NEBs rather than from MD – a critical step 

to maximize the throughput of the approach.

The starting point of the CSCP approach assumes to have available a complete reaction 

energy diagram for a given reaction on a given facet, i.e., a complete set of local intermediates and 

interconnecting energy barriers6 – a “worked-out” case. This energy diagram is typically obtained 

via DFT geometry relaxations that provide equilibrium energy and coordinates of local minima in 

the reaction energy diagram, together with Nudged Elastic Band (NEB) simulations29-30 to 

determine a reaction path in terms of a number of intermediate configurations (images) connected 

by springs, and a putative transition state (or saddle-point) energy and configuration. We will focus 

on two facets of face-centered cubic (fcc) bulk metals, namely fcc(100) and fcc(111), that are the 

most stable energetically for bare fcc metals, as well as the most investigated. We then selected Pt, 

which is well known as a highly efficient catalyst, as a worked-out catalyst element and focused 

on the decomposition of methanol (CH3OH) to CO/CO2 and H2 as catalytic reaction, where 

methanol is a simple, but realistic organic feed in industrial processes for hydrogen production via 

thermal and reforming processes.9-10, 31 Our goal within CSCP is to transfer the knowledge of the 

complete reaction energy diagram for the given reaction on a different catalytic system at a much 

lower computational cost than the one required to create the worked-out case itself. In this way, a 

predictive screening approach based on knowledge of the overall RED becomes feasible in the 

space of chemical composition of the catalyst. The possible paths with intermediates and 
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mechanistic steps for CH3OH decomposition are schematically illustrated in Scheme 1. It should 

be noted that we derive the RED for the worked-out case for a different reaction and under different 

conditions: indeed, in the worked-out case we have studied aqueous phase reforming (APR) of 

CH3OH, under conditions of high coverage of hydrogen, i.e., either on facets fully covered with 

hydrogen adatoms on all top sites except two for Pt(111) or on all bridge sites except two for 

Pt(100) (see Figure 1). As mentioned above, the RED we will reconstruct here are instead for 

CH3OH decomposition (not APR) and at low-coverage conditions (not high coverage of 

hydrogen). We have chosen to change both reaction and conditions to conduct a more severe test 

of CSCP transferability. Accordingly, when transferring information from the known Pt case to 

the selected unknown metals, we used only the section of the APR process relevant to CH3OH 

decomposition and we have erased all additional hydrogen adsorbates in the worked-out case 

configurations to transform high-H-coverage to low-coverage conditions. We thus include Pt itself 

in the set of “unknown” catalysts in the sense that we test the transferability of high-coverage to 

low-coverage conditions. Common catalytic metals exhibiting diversity in chemistry and lattice 

parameters such as Fe, Co, Ni, Cu, Ag, Au, Pd, and Pt are then selected as representatives of really 

new catalyst systems to test CSCP. 

The workflow of our conformal sampling CSCP approach is pictorially illustrated in 

Workflow 1, distinguished in modular units represented in boxes and operations denoted in Old 

English Text font as R, E, K, P, N, where R ≡ affine rescaling, E ≡ configuration extraction, K 

≡ random kicks, P ≡ fitting or parametrization, N ≡ NEB calculations. Operations are described 

in detail below. 

We transfer information from the worked-out Pt case to an unknown metal (M) catalyst by 

building for the latter an initial database of configurations with their single-point energy and forces. 

Details of the procedure are given in the next Section. Referring to Workflow 1, this initial 

database is indicated as D-1.

First, we transform a given configuration of the worked-out case into a putative 

configuration of the unknown case. Since the lattice parameters of the two metals (each determined 

via separate DFT lattice relaxations of bulk fcc structures) are different, we transform 

configurations conformally via an affine rescaling of the metal slab coordinates (denoted as R 

operation in Workflow 1) while keeping frozen the geometry of adsorbate species but positioning 

them onto putative adsorption sites and heights of the unknown case.
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A critical point of the approach is the choice of the configurations to include into the initial 

database, D-1, for the M systems. D-1 is composed of two groups (named A-1 and A-2 in  

Workflow 1): (a) A-1 contains the structures extracted from local minima geometry relaxations 

starting from rescaled structures of the local minima involved in the reaction paths for the worked-

out case (note that these can also include geometries of single adsorbate species in the methanol 

decomposition, such as H, C, CH2O, CHO, COH, CO, OH at different adsorption sites on the metal 

surface), while (b) A-2 contains the rescaled structures from NEB calculations on the worked-out 

case. To build the A-1 set, we conduct DFT geometry relaxations for the M systems (M= Pd, Ni, 

Au, Ag, Cu, Co, Fe, and Pt) and extract from these relaxations only those configurations for which 

the modulus of the force on each atom does not exceed a threshold of 3 eV/Å. To build the A-2 set 

(the one coming from the DFT/QE@NEB simulations for the worked-out case), instead, we use, 

without any further refinement nor screening, the rescaled structures corresponding to converged 

configurations of all NEB images from selected NEB iteration steps, i.e., initial and final NEB 

iterations and one intermediate iteration chosen as the geometric average between initial and 

converged iteration (logarithmic sampling). The thorough ensemble of configurations around local 

minima in the A-1 set ensures that important information about equilibrium states is extensively 

included in MLIP training, while configurations along transformation paths across transition states 

in the A-2 set ensures that reaction paths are sampled through a conformal funnel. The extraction 

procedure is pictorially denoted as E in Workflow 1, without detailing the difference between 

local minimization and NEB extraction. Note that, to minimize noise in this initial stage, we 

include in D-1 only configurations corresponding to the C-H dissociation path (circled in blue in 

Scheme 1).

We then use D-1 to derive a first MLIP-120, training individual MLIPs for each metal type 

and facet orientation. The fitting or parametrization procedure is denoted as P in Workflow 1. 

We then run NEB calculations using MLIP-1 (performing NEB simulations is denoted as N 

operation in Figure Workflow 1), and we augment D-1 to obtain an enlarged database D-2 by 

including: (a) structures extracted from the MLIP-1@NEB as described above, (b) structures 

extracted from geometry relaxations starting from previously determined local minima subjected 

to random kicks (see the Computational Details section – this is performed only when the 

differences between MLIP-1 and DFT energies for the local minima are larger than a threshold of 

0.2 eV), (c) at this stage also rescaled configurations corresponding to the C-O and O-H 
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dissociation paths (in red and orange in Scheme 1). Note that we enlarge the database 

incrementally via the active learning process. Expanding the training set by MLIP runs is an 

accepted way to extend the confidence range of an MLIP.22-23, 32-33

The random kick operation is denoted as K in Workflow 1. Random kicks are performed 

to enhance structural sampling around local minima, and correspond to random perturbations of 

the two topmost layers of the metal slab and of the adsorbate. For the metal atoms, perturbations 

are proportional to the covalent radius of each atom, while for the adsorbed species perturbations 

are larger than those on metals in order to sample more effectively the environment around the 

adsorption site, whose typical dimension is given by the radius of the metal element (and not of 

that of the adsorbate). Energies and forces of structures generated by the random kicks are then 

added to the MLIP training set. 

We then use D-2 to parametrize a second MLIP-2 model (P), run NEB calculations (N) 

using MLIP-2, and augment D-2 to obtain an enlarged database D-3 by including structures 

extracted from the MLIP-2@NEB as described above (E). After two steps of active learning, D-3 

is finally used to parametrize (P) the MLIP-3 model which produces our final CSCP predictions.

Let us present some final remarks. Considering that DFT is highly CPU-demanding, 

whereas MLIP simulations are fast, the most efficient strategy is to perform all the sampling at the 

MLIP level. In the present approach, this corresponds, first, to use MLIP stress-tests requiring 

negligible CPU time to generate configurations potentially lying outside its confidence range 

(either geometry optimizations or NEB simulations). These configurations are then included into 

the fitting database and DFT-tested independently (thus in a highly parallelizable way), iteratively 

increasing the accuracy of the model. As recalled above, the interpolation of DFT energetics using 

MLIPs has been increasingly used in recent years22, although its application in the context of 

activated processes such as catalysis and barrier calculations is less common,23-25 and the novelty 

here lies in combining interpolation via highly accurate MACE MLIPs with conformality, i.e., 

with a rational and physically motivated construction of the MLIP fitting database, and with stress 

tests in the active learning process from MLIP@NEBs rather than from MD. In tune with this 

strategy, we use MLIP to explore mechanistic paths, and single-point DFT calculations to test 

saddle points predicted by the MLIPs, i.e., we do not perform DFT barrier calculations. In the next 

Sections we will indeed present results of DFT/QE@NEB simulations, but exclusively for 

validation purposes and to rigorously demonstrate the accuracy of our approach. It should also be 
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stressed that the availability of a robust, efficient and accurate MLIP scheme is critical to the 

success of the CSCP approach. Notably, here we use the Modified Atomic Cluster Expansion 

(MACE) model20, which attains a high level of the accuracy in the MLIP interpolation24. Indeed, 

in the Supporting Information (SI) we show in one example how a different MLIP performs worse 

although within the same CSCP.

3. Computational Details

We used an affine rescaling approach to transfer structural knowledge along the reaction 

path (coordinates involved in CH3OH decomposition mechanism) from the Pt worked-out case to 

the unknown cases. The rescaling approach changes the lattice parameters from those appropriate 

to Pt to those appropriate to the new systems, and generate candidate initial structures for a new 

metal system (see details in Section 2). We used Density functional theory (DFT)16-17 within the 

Quantum ESPRESSO package34-35 to obtain energies and forces. We performed single-point 

calculations on the structures in the NEB database and geometry optimizations for the local 

minima. 

We generate two sets of inputs via the rescaling approach from the Pt worked-out case: (1) 

structures pertaining to local minima along the reaction paths and (2) NEB structures. Note that it 

is vital to accurately describe the local minima that are initial and final configurations in the 

elementary steps of the reaction. We thus comprehensively investigate the adsorption of both 

single (CH3OH, CH2OH, CHOH, CO, H, C, O, etc.) and intermediate species (CH2OH*+H*, 

CHOH*+2H*, CHOH*+3H*, CH3*+OH*, etc.) on different adsorption sites of the metal surfaces. 

As a note, in the worked-out case we also used the ACAT code36 as implemented in the ASE 

environment to automatically generate inputs of adsorption complexes in different adsorption sites. 

The transition state searches were performed via Nudged Elastic Band (NEB) calculations installed 

in the QE suite. We first ran a NEB job with 6 intermediate images, then expanded to 12 images 

to obtain accurate energies and optimized TS structures. The force convergence threshold was set 

to 0.02 eV/Å. The parameters used in DFT/QE@NEB simulations are listed in section S2 in the 

SI. 

Energy barriers (Ea) were evaluated as:

Ea = ETS – EIS

where ETS and EIS represent the total energy of TS and initial state structures, respectively.  
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We combine MACE20, an equivariant message-passing neural network, in the OPTIM 

code21 with the LAMMPS interface37 to perform optimizations and NEB searches using MACE. 

Key parameters in the MACE model were used according to the default settings which can be 

found in Ref.20. The MACE parameters are listed in Table S1 of the SI. In the 2nd and 3rd steps of 

the MLIP fitting, we run MLIP-n@NEBs to sample the reaction funnel of each system, and then 

we carry out DFT single-point calculations on coordinates extracted from the MLIP-n@NEBs to 

obtain energy and forces of each training structure and consequently feed this information 

(coordinates, DFT energies, and DFT forces) into the successive MLIP active learning generations.

It is worth noting that, for each structure in the training set, there are about 50 atoms * 3 

components =150 force data and just one energy value. As such, errors on forces represent the 

major contribution to the loss function, i.e. a small increase in accuracy for all forces can balance 

a moderate decrease of accuracy on energy. To get good accuracy on both parameters, we exploit 

MACE functionality to change the relative weight of F and E contributions: in particular, we train 

2/3 of the epochs with emphasis on forces and the last 1/3 with emphasis on energy. We therefore 

achieved good accuracy on forces first, and then by sacrificing very little accuracy on forces we 

get a sharp increase in accuracy on energies as well. An early stopping criterion, 30 epochs without 

decrease in the loss function, is adopted to avoid overfitting. In MLIP@NEB calculations, the 

RMSE convergence was fixed at 0.0005 eV/Å and a minimum of 100 iterations was adequate to 

achieve convergence. We note that MACE calculations are feasible only on GPU-accelerated 

machines and are performed efficiently requiring a simulation time in the time scale of seconds.

 After the second round of database refinement and MACE training (see Workflow 1), the 

obtained MLIP-3 shows an excellent performance with a RMSE on energy less than 1 meV/atom 

and RMSE on forces below 10 meV/Å (see Table 1). The MLIP-3 provides physical results of 

energy and optimized coordinates in transition state searches (see Figures 2-3 illustrating the 

REDs of the unknown systems), and was finally also validated by comparison with explicit 

DFT@NEB calculations. MLIP@NEB calculations were performed using different numbers of 

intermediate images (6, 12, 20) in order to ensure convergence. Table S2 and S3 in the SI report 

energy barriers from MLIP@NEB along the CO production pathway on Pt and Pd cases using 

different numbers of intermediate images, showing the convergence of the procedure. The reason 

why in some cases convergence of the NEB requires a larger number of images is that the 

adsorption sites of the reactant or product species may differ from the initial ones, so that a 
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diffusive path over the surface is needed to transform among them. The accurate sampling of local 

minima in our database makes sure that these diffusion mechanisms are correctly predicted by 

MLIP-3. In general, composite reaction paths are typically associated to some kind of surface 

diffusion.

As a final critical step, we validated the accuracy MLIP-3@NEB by comparing with 

rigorous DFT@NEB results. To accelerate the DFT@NEB calculations, we used as initial 

coordinates of all intermediate images those predicted by MLIP-3@NEB. Interestingly, the 

DFT@NEB calculations converged quickly within a few iterative steps and the DFT@NEB- 

predicted coordinates of saddle points are very close to the initial ones. In most cases the MLIP-

3@NEB shows an excellent match with DFT@NEB, with differences in energy barriers less than 

0.1 eV. When differences were larger than 0.1 eV (typically due to the presence of composite 

reaction paths), we performed DFT@NEB calculations with 12 intermediate images to correct and 

achieve proper predictions. The final comparison of NEB energy barriers using DFT and MLIP-3 

techniques is reported in Tables 2 and 3 for the (111) and (100) facets, respectively. 

4. Results and Discussion

We applied the CSCP approach to build the RED for methanol decomposition on (100) 

and (111) fcc single-crystal facets at low coverage for 8 metal elements (Pd, Ni, Cu, Ag, Au, Co, 

Fe, Pt) starting from the RED for Pt at high coverage depicted in Figure 1. We followed the 

workflow illustrated in Workflow 1, constructing for each metal and each facet an initial database 

D-1 including configurations corresponding to the C˗H dissociation path (in blue in Scheme 1]), 

via affine rescaling (R), local geometry optimizations, extraction of configurations (E) whence a 

first MACE MLIP-1 was parametrized (P). We then used MLIP-1 to perform NEB barrier 

simulations (N), from which we extracted structures (E) and added them to D-1 to build a second 

database D-2. In D-2 we also included (optional) random kicks of local minima (K), and 

configurations corresponding to the C-O and O-H dissociation paths (in purple and green, 

respectively, in Scheme 1). Parametrization (P) using D-2 produced a second MACE MLIP-2 for 

each metal and facet, which was used to perform NEB barrier simulations (N), from which we 

again extracted configurations (E) and added them to D-2 to build a third and final database D-3, 

from which the MACE MLIP-3 force field was generated (P). MLIP-3 was then used in local 

geometry relaxations and NEB barrier simulations (N) to produce our final CSCP predictions.
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The REDs for the C-H dissociation path obtained using MLIP-3 for the 16 cases here 

considered are shown in Figures 2 and 3. The reaction energy barriers for other pathways are 

reported in Tables S4-S6 of the SI. An obvious difference can be immediately appreciated between 

the coinage metals, for which the RED profile is strongly endothermic, reaching nearly up to 5 eV 

in the case of Ag(100), and the other metals, which instead present a more catalytically favorable 

RED. Note in passing that, as discussed in Section 3, we ignore variations in the structural 

framework and assume an fcc lattice for all elements including Co and Fe, whose lowest-energy 

bulk phases at room temperature are hcp and bcc, respectively. The predicted order of activity 

based on the overall rate-determining step barrier height criterion is: Pd > Pt > Ni > Co > Fe >> 

Cu >> Au > Ag, for (111), and Fe > Ni > Pd > Pt > Co >> Cu >> Au > Ag, for (100). This is in 

agreement with previous studies.38-45 Note however that, for a quantitative comparison with 

experiment, high-coverage conditions should be taken into account, that we do not do in the present 

methodologically-focused work. Indeed, Pd is more strongly poisoned by hydrogen than Pt, 

reverting its slightly better performance here predicted at low coverage, while Fe (100), Ni (100), 

and Co (100) are inhibited by carbon deposits.46-49 We warn once more that the present study has 

a proof-of-principle purpose, to demonstrate the validity of the CSCP methodology, while high-

coverage conditions should be used to make predictions of actual catalytic rates.

Figure S4 illustrates the evolution in the prediction of energy profiles by MLIP-n in the 

reaction step of COH+3H → CO+4H throughout the active learning process for Co(100), Co(111), 

Pt(100), and Pt(111), reported in Figure S4(a-d), respectively.  The results show that the initial 

MLIP-1 already shows a good performance in both qualitative and quantitative terms as evidenced 

by energy barrier differences around 0.2 eV when compared with DFT. Notably, this implies that 

our rescaling technique (that is the basis of MLIP-1) can indeed serve as a fast and robust tool to 

transfer information and sample geometries along the PES regions of interest. Then, performing 2 

steps of active learning, incrementally enlarging the database by extracting information from 

MLIP-1@NEB and MLIP-2@NEB runs, improves the MLIP performance, with a trend of MLIP-

n energies moving toward the DFT ones. As a final result, MPIL-3 exhibits the targeted accuracy 

with energy differences less than 0.1 eV with respect to DFT@NEBs. It is worth noting that the 

first step of the CSCP method transfers knowledge from the known worked-out case via a data set 

that contains information on coordinates, energies, and forces of structures that sample regions 

around local minima and transition states. In this first step, CSCP enables the user to rapidly 
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generate/rescale configurations along the PES space of a new catalyst and build a first generation 

MLIP with a good performance as shown in Figure S4. Then, in the active learning iterations, we 

perform MLIP-1@NEB and MLIP-2@NEB runs to sample the actual reaction funnel of each 

system more precisely, and extract further configurations. As a technical point, we freeze the 

coordinates of the IS and FS states because we aim at increasing the accuracy of the MLIPs in the 

transition state regions.

4.1 Validation of reaction energy barriers

The accuracy of MLIP-3 predictions must be validated against the DFT Potential Energy 

Surfaces which MLIP-3 is constructed to interpolate. Although from the very small values of 

RMSE errors reported in Section 3 we expect that MLIP-3 will exhibit a high accuracy, we need 

to quantify it more accurately. To limit the computational effort of the validation step and for ease 

of comparison, most of the results here reported relate to the CO production pathway (CH3OH → 

CH2OH+H → CHOH+2H → COH+3H → CO+4H). However, to demonstrate that the CSCP 

method also works for the C-O and O-H dissociation pathways, we report in Table S5 of the SI a 

validation comparison of the energy barriers for these pathways between MLIP-3@NEB and 

DFT@NEB simulations for selected systems, demonstrating a DFT-like level of accuracy ensured 

by MLIP-3 also for these paths. In these simulations, we used exactly the same number of images 

(6 or 12 depending on the presence of diffusional paths, see Section 2 and Section 4.2 below), and 

we fed DFT@NEBs with the images of the MLIP-3@NEBs: as discussed in Section 3 this feeding 

procedure led to much more stable and faster DFT@NEB simulations, with convergence achieved 

in few iterations. The relaxed coordinates and reaction energy diagrams (REDs) of CH3OH 

decomposition to produce CO+4H species on Pt(111) and (100) surfaces derived at the DFT level 

are illustrated in Figure S1-S2, respectively. In Tables 2 and 3 we report the direct comparison 

between the MLIP-3 and DFT reaction energy barriers. As can be immediately appreciated by an 

inspection of these Tables, the difference between corresponding barriers in the two sets notably 

never exceeds 0.1 eV, which essentially corresponds to chemical accuracy and also to the intrinsic 

accuracy of the DFT approach (it therefore seems useless to improve further the accuracy of MLIP 

via further steps of active learning). Note that for the C-O and O-H paths it is not necessary to 

enlarge the database via active learning, because MLIP-2 is already accurate and the predicted 

MLIP-2 energy barriers are constant as a function of the number of intermediate images as 

illustrated in Table S6. Indeed, the MLIP-3@NEB result for the first dissociation of C-O and O-H 
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bonds in Table S5 show energy barrier differences less than 0.1 eV from DFT ones. Interestingly, 

for the “CHOH+2H→COH+3H” step on Fe(111), as shown in Figure S3(a), the MLIP-3@NEB 

predicts that the transformation is barrier-less, and DFT modeling in Figure S3(b) fully confirms 

this prediction. This shows that the MLIP-3 force-field can simulate even zero-barrier processes 

accurately. As an internal check of the convergence of MLIP-3@NEBs using a different number 

of intermediate images, we report in Table S6 of the SI MLIP-3@NEB energy barriers calculated 

using 6, 12, and 20 images for representative systems.

The results in Tables 2 and 3 prove that the CSCP method is able to attain a level of 

precision reaching chemical accuracy, sufficiently high to be directly exploited in catalyst 

screening. 

4.2 Changes in adsorption sites: diffusive paths

Changing the catalytic surface from the worked-out case to a different one may change the 

surface chemistry, in primis the adsorption sites of reactants, products, and intermediates. For 

example, hydrogen adatoms are preferentially located on top (Pt) or bridge (Fe) or hollow (Au) 

sites, respectively, depending on the metal surface. When the CSCP protocol starts exploring 

reaction mechanisms, it will try to connect reactant and product species on the adsorption sites that 

are the most energetically favorable in the worked-out case. If adsorption sites are different in the 

unknown case, the reaction mechanism must then foresee a diffusion between different adsorption 

sites. This in turn entails that the NEB reaction energy profile will not exhibit a single-maximum 

profile, but will be composite, or multi-step. As noted in Section 3, this is the physical reason why 

different systems require a different number of NEB images for a given mechanistic step: a 

composite reaction mechanism necessitates a larger number of sampled images than one exhibiting 

a single-maximum profile. Importantly, the MACE MLIP-3 is able to deal with this phenomenon, 

which can be seen as the simplest example of change in reaction mechanism when changing the 

catalyst. Indeed, apart from the trivial increase in the number of NEB images, we did not find any 

issue in describing such composite mechanisms using the MACE MLIP-3.

4.3 Changes in reaction mechanism

As observed above, Ag is not a good methanol-decomposition catalyst, and its reaction 

energy profile reaches very high values, nearly 5 eV above the methanol adsorption level. The Ag 
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case however offers us an interesting example of a change in reaction mechanism and the 

opportunity to check how the CSCP approach is able to cope with this potential issue.

In particular, let us focus on the “COH → CO + H” mechanistic step on the fcc (100) 

surface, which is the final step of the C-H dissociation pathway (see Scheme 1).  As illustrated in 

the RED shown in Figure 4, on Pt (100) this step occurs in such a way that the H atoms bound to 

O interact with and migrates over a surface Pt atom. On Ag (100), this mechanism exists as well, 

but has a higher energy barrier ≈0.9 eV. An alternative path then becomes competitive, in which 

the H atoms bound to O first migrates to the C atoms to form CHO, and is then transferred from C 

to the Ag metal. Two reasons concur to this change in mechanism: the high energy of the COH 

intermediate, and the strong electron-donating character of the Ag (100) surface, which donates 

charge to the CHO adsorbate and stabilizes O-H bond breaking during hydrogen migration from 

O to C. Eventually, the H migration step from O to C has a barrier of ≈0.8 eV, while the C-H 

dissociation from CHO has a very low barrier of only 0.1-0.15 eV, as illustrated in Figure 4. 

Importantly, the MLIP-3 potential is able to cope with this change in reaction mechanism and is 

able to accurately predict both the high-energy barrier for CO-H dissociation over a surface Ag 

atom, and the lower-energy barrier for H migration from O to C before successive migration to the 

surface. In perspective, this supports confidence in the robustness of the CSCP approach for 

predictive catalyst screening.

5. Conclusions

Developing new catalytic materials and processes that address and solve the present energy 

and environmental problems is one major challenge of today’s chemistry. To meet this challenge, 

theory and simulations can play a critical role, by predicting performance and screening materials 

for conversion reactions of societal interest (such as small molecule activation under mild 

conditions and with a high activity and selectivity), and providing operative directions for 

experimental verification and realization. However, in order to have a practical impact, theoretical 

methods must satisfy strict requirements: (i) achieve chemical accuracy50, (ii) be computationally 

efficient and feasible in realistic times (throughout) with given hardware resources, (iii) be able to 

address the complexity and thoroughness in the reaction network of realistic processes, including 

changes in catalytic path and (iv) in the combinatorial breadth in the catalyst chemical and 

structural spaces (transferability).
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To make progress along this line of research, here we develop and validate a novel 

approach, the Conformal Sampling of Catalytic Processes (CSCP), that aims at drastically 

accelerating the exploration of unknown catalytic systems by transferring knowledge from a 

previously investigated, worked-out case. To achieve this, we use the recent highly accurate 

MACE Machine Learning Interaction Potential20 to interpolate the reactive PES of the new 

systems, and we combine it with a basic assumption of catalytic reaction mechanism conformality 

to construct physically grounded minimal fitting databases. We demonstrate the CSCP approach 

on the methanol decomposition reaction, which is relevant in the field of hydrogen production and 

storage, over two paradigmatic metal facets: fcc(111) and fcc(100), modeled as periodic slabs. We 

show that, using CSCP with reasonably sized DFT databases (efficiency) generated in parallel and 

after only two active learning stress-tests (high-throughput), it is possible to construct a single, 

physically grounded MLIP that is able to describe the whole PES and attain a level of precision 

reaching chemical accuracy in the energetics of both local minima and reaction energy barriers for 

the whole RED along such a composite path as methanol decomposition (in all its C-H, C-O, and 

O-H dissociation paths) including some changes in reaction mechanism (thoroughness), with a 

high degree of transferability among systems, processes and conditions as diverse as from aqueous 

phase reforming at high coverage on Pt to methanol decomposition at low coverage on Pd, Ni, Au, 

Ag, Cu, Co, Fe, and Pt. It is interesting to underline that the success of CSCP can be further 

rationalized on the basis of general principles, because the conformal transfer of structural data 

sets which is the basis of the CSCP approach has a theoretical foundation on the robustness of 

geometries upon variation in the Hamiltonian that, as proven by Levy and Perdew51, is connected 

with a special quality of the Coulomb potential. The CSCP approach thus offers itself as a useful 

tool in high-throughput catalyst sampling to build a computational framework for, and eventually 

a unified picture of, heterogeneous nano-catalysis.

In terms of perspectives, we note that the application of the CSCP approach could be further 

speeded up, technically, in several ways. For example, the A-1 section of the database describing 

local minima can be reduced by clustering52 to avoid redundant configurations (reducing the 

dimension of the databases by a factor 3-4), or the inclusion of random kicks could be fine-tuned, 

etc. Also, here we used metal slabs as accurate6 models of extended facets of catalyst nanoparticles, 

and DFT as the first-principles method of choice, but the approach can be easily generalized to 

finite realistic particles (even subnanometer clusters49) and/or to other theoretical methods.
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Moreover, two aspects of CSCP are promising and are currently under investigation. First, 

the CSCP approach can be applied to other chemical reactions important for small molecule 

activation, such as CO2 reduction, N2 fixation, etc., so as to build a database of catalytic data 

pertinent to small molecule activation processes on wide set of slab models with various 

orientations and compositions spanning a wide set of alloy catalytic sites. Second, the CSCP 

approach can and shall be extended to metal alloys. By making moves in the multi-component 

(alloy) chemical space one could then conduct a Global Optimization search to minimize the 

overall catalytic reaction free-energy barrier as fitness13. ML-regularization of local minimum 

energies and reaction energy barriers would also be useful in this direction 50-52, e.g., achieved in 

the CSCP approach by merging and processing our databases to derive general MLIPs and/or to 

arrive at a fast and accurate prediction of energies and barriers for generic compositions. Note that 

thermal and entropic effects can in perspective also be simulated via the MLIP. A deeper analysis 

of the results to derive directions for catalytic screening, and find new optimal multi-component 

catalysts that answer dramatically urgent societal requests is the overall goal of this research.
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Associated Content

Output files of MLIP-n and the reaction coordinates along the 3 dissociation channels of methanol 

decomposition on two Pt worked-out cases: the O-H, C-O, and O-H routes shown in Scheme 1 are 

available at https://zenodo.org/records/11199529.

Data availability

The data that support the major findings of this study are available in the main text, in the 

Supporting Information, or via Zenodo at https://zenodo.org/records/11199529. Further data are 

available from the corresponding authors upon reasonable request. The software associated with 

CSCP modeling package will be made freely available in a next future.

Supporting Information available. 

Reaction energy diagrams and depiction of reaction intermediates for CH3OH decomposition to 

CO + 4H on Pt worked-out cases, examples of evolution in the prediction of energy barrier profiles 

by MLIP-n as a function of the active learning step (n), parameters of the MLIP models; 

convergence of energy barriers as a function of the number of images for various steps of methanol 

decomposition on selected facets from MLIP-3@NEB; comparison of NEB energy barriers MLIP-

3 and DFT; comparison of RMSE and training cpu times for BP and MACE MLIP models on the 

A-subset of the D-1 database for some selected metals and surfaces; computational parameters and 

examples of input files for QE calculations; estimates of computational cost and speed-up of the 

CSCP approach.
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Table 1. Energy and force RMSE of dataset for MLIP-3. The RMSEs are carried out from the 

training and test sets after 450 training epochs. The units for the energy and force RMSEs are 

meV/atom−1 and meV ⋅ Å−1/atom−1, respectively

Metal (100) surface Metal (111) surface
Systems

𝑬𝑹𝑴𝑺𝑬 𝑭𝑹𝑴𝑺𝑬 𝑬𝑹𝑴𝑺𝑬 𝑭𝑹𝑴𝑺𝑬

Pt
Train: 0.1

Test: 0.1

Train: 7.3

Test: 6.1

Train: 0.1

Test: 0.1

Train: 6.6

Test: 6.4

Pd
Train: 0.4

Test: 0.4

Train: 8.4

Test: 7.2

Train: 0.3

Test: 0.2

Train: 8.6

Test: 7.8

Cu
Train: 0.4

Test: 0.4

Train: 7.4

Test: 7.5

Train: 0.3

Test: 0.2

Train: 11.1

Test: 9.8

Au
Train: 0.5

Test: 0.2

Train: 9.3

Test: 6.4

Train: 0.2

Test: 0.2

Train: 10.6

Test: 9.1

Ag
Train: 0.2

Test: 0.1

Train: 5.4

Test: 5.2

Train: 0.2

Test: 0.2

Train: 8.5

Test: 8.2

Fe
Train: 0.3

Test: 0.3

Train: 6.8

Test: 6.7

Train: 0.5

Test: 0.4

Train: 6.8

Test: 7.1

Ni
Train: 0.8

Test: 0.7

Train: 8.1

Test: 8.6

Train: 0.5

Test: 0.4

Train: 7.5

Test: 7.9

Co
Train: 0.1

Test: 0.1

Train: 5.6

Test: 5.9

Train: 0.3

Test: 0.2

Train: 7.4

Test: 7.4
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Table 2. Summary of energy barrier (eV) at each elementary step for CO production pathway via 

(CH3OH→CH2OH+H→CHOH+2H→COH+3H→CO+4H) on single metal(111) facets. The Ea 

obtained from DFT/QE@NEB is listed in the column with the caption of DFT and the Ea obtained 

from MLIP-3@NEB is listed in the column with the caption of MLIP. 1st refers to the first step of 

CO production path which is CH3OH → CH2OH + H. 2nd refers to the second step of CO 

production path which is CH2OH → CHOH + H. 3rd refers to the third step of CO production path 

which is CHOH → COH + H. 4th refers to the fourth step of CO production path which is COH → 

CO + H

TM (111)
1st

DFT

1st

MLIP

2nd

DFT

2nd

MLIP

3rd

DFT

3rd

MLIP

4th

DFT

4th

MLIP

Co 0.78 0.85 0.12 0.17 0.10 0.12 0.43 0.47

Fe 0.84 0.91 0.49 0.54 0.00 0.00 0.57 0.67

Ni 0.64 0.74 0.46 0.54 0.05 0.08 0.40 0.42

Cu 1.34 1.40 0.73 0.79 0.53 0.62 1.09 1.11

Pd 0.68 0.76 0.66 0.74 0.35 0.38 0.73 0.72

Ag 1.88 1.85 1.61 1.68 1.40 1.41 1.00 0.99

Au 1.46 1.51 1.55 1.61 1.26 1.29 1.28 1.20

Pt 0.60 0.64 0.73 0.63 0.28 0.23 0.45 0.53
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Table 3. Summary of energy barrier (eV) at each elementary step for CO production pathway via 

(CH3OH→CH2OH+H→CHOH+2H→COH+3H→CO+4H) on single metal(100) facets. The Ea 

obtained from DFT/QE@NEB is listed in the column with the caption of DFT and the Ea obtained 

from MLIP-3@NEB is listed in the column with the caption of MLIP. Nomencluture as in Table 

2.

TM (100)
1st

DFT

1st

MLIP

2nd

DFT

2nd

MLIP

3rd

DFT

3rd

MLIP

4th

DFT

4th

MLIP

Co 0.63 0.73 0.15 0.19 0.12 0.09 0.53 0.57

Fe 0.57 0.56 0.15 0.27 0.10 0.09 0.53 0.50

Ni 0.49 0.57 0.14 0.19 0.38 0.44 0.58 0.61

Cu 1.44 1.42 0.62 0.63 1.05 1.13 1.04 1.09

Pd 0.53 0.54 0.54 0.53 0.75 0.70 0.36 0.49

Ag 1.99 2.04 1.71 1.72 1.66 1.68 0.94 0.88

Au 1.16 1.15 1.37 1.42 1.25 1.28 0.79 0.81

Pt 0.33 0.34 0.22 0.23 0.50 0.51 0.71 0.74
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Scheme 1. Possible reaction pathways to produce CO or other intermediates in CH3OH 

decomposition. A different color of the block corresponds to different bond-cleavage paths for the 

first step of CH3OH decomposition. Blue, purple, and green color represent intermediates 

generated from C-H, O-H, and C-H scissions, respectively
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Workflow 1. Schematic depiction of the CSCP strategy for constructing the Potential Energy 

Surface (PES) of a catalytic system starting from knowledge of a given catalyst (the worked-out 

case).
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Figure 1. (a) RED of CH3OH APR on Pt (111) under high hydrogen coverage conditions: this 

process has been selected, together with CH3OH APR on Pt (100), as a worked-out case from 

which to transfer knowledge in the CSCP approach. (b) Atomistic depiction (top-view) of reaction 

intermediates involved in CH3OH APR on Pt (111). Color coding: carbon in gray, oxygen in red, 

hydrogen in white, platinum in blue.
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Figure 2. Energy profiles obtained at the MLIP-3 level of methanol decomposition on 8 metal 

catalysts on (111) facet orientation for: (a) Co (111), (b) Cu (111), (c) Fe (111), (d) Ni (111), (e) 

Ag (111), (f) Au (111), (g) Pd (111), and (h) Pt (111) surfaces.
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Figure 3. Energy profiles obtained at the MLIP-3 level of methanol decomposition on 8 metal 

catalysts on (100) facet orientation for: (a) Co (100), (b) Cu (100), (c) Fe (100), (d) Ni (100), (e) 

Ag (100), (f) Au (100), (g) Pd (100), and (h) Pt (100) surfaces.
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Figure 4. Comparison of energy profiles and pictorial atomistic models for the “CHO* + 3H* → 

CO* + 4H” mechanistic step on: (a) Pt (100) case and (b) Ag (100). Selected images along the 

pathway obtained from the MLIP@NEB run on (c) Pt (100) and (d) Ag (100) systems. 
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