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Supplementary Notes

Note 1: CRN blueprint generation algorithm

The first step for generating a rule-based chemical reaction network (CRN) in CARE is

to define the chemical space (CS) and the reactions involved within its boundaries. In

our procedure, these boundaries are defined by (i) the carbon and oxygen cutoffs, which

represent the maximum number of carbon and oxygen atoms (NC and NO, respectively)

allowed in a molecule, (ii) by the molecular templates, which define what molecules

will be included in the CRN and (iii) by the reaction templates, which determine the

type of allowed reactions. Therefore, the completeness of the CRN is defined by the

operations permitted through the applied templates.

In heterogeneous catalysis, reactions mostly involve one event at the time, meaning

that concerted reactions are scarce [1]. Thus, the defined reaction templates in the

algorithm contemplate two main events: bond-breaking/forming reactions and adsorp-

tion/desorption reactions [2]. Besides these two fundamental reaction types, CARE

includes additional reaction templates, 1,2-H shifts and proton-coupled electron trans-

fer (PCET) reactions for modeling electrochemical systems.

CARE is based on four classes that describe and instantiate the types encapsulating

the core building blocks of CRNs: Intermediate, Surface, ElementaryReaction and

ReactionNetwork, the latter serving as the primary interface.

Starting from NC and NO, molecular templates are applied to generate a first pool

of saturated molecules defining the chemical space (CS). The CS is then expanded

by applying a set of bond-breaking reaction templates that simultaneously generates

new species and reactions, obtaining the extended chemical space (eCS). Then, the

additional reactions are added. Supplementary Fig. 1 provides a flowchart of the

CRN generation algorithm.
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1.1 Molecular templates

Molecular templates allow CARE to build a molecular backbone containing C and O

atoms and then hydrogenating them. This spans an initial set of molecules that are

the starting point for the CRN generation. These templates are based on SMILES [3]

and RDKit to ensure the obtaining of proper structures.

1.1.1 Alkanes Starting from NC, the algorithm recursively generates all the unique

linear and branched alkanes from C1 up to CNC by SMILES manipulation. The strategy

consists in the addition of “C” strings to the main backbone chain for linear species

while for branched “C(C)” expressions are added. The new branched systems are

run through the same manipulation process to reach more complex molecules. Using

RDKit, SMILES are then canonicalized and converted into Chem.Mol objects.

1.1.2 Ethers Molecules containing up to one ether group are generated by manipu-

lation of alkane objects through the following approach: (i) for each alkane, the unique

pairs of neighboring carbons are identified, (ii) for each pair, the bond is removed and

an oxygen atom is added in between, generating an ether, which is then added to the

pool of molecules.

1.1.3 Epoxides Epoxides generation follows a similar strategy as for the ethers: (i)

as in the previous section, the unique pairs of neighboring carbon atoms with a lower

degree than 4 are identified, (ii) for each pair, an oxygen atom is added in between and

two C-O bonds are defined, one for each carbon.

1.1.4 Addition of alcohol groups Addition of –OH groups up to NO is done for

the pool of molecules obtained from the application of the previous templates employing

the following strategy: (i) For each molecule in the pool of molecules, carbon atoms with

at least one free bonding site (calculated as 4 minus the atom’s degree) are identified,

(ii) all possible combinations of oxygen addition up to NO to the suitable carbons of

the molecule are generated, (iii) for each combination, –OH groups are added to the
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carbon atoms and new alcohol derived species are generated and stored in the pool of

molecules.

1.1.5 Addition of reservoir molecules Finally, a small subset of inorganic reser-

voirs (H2, H2O, CO, CO2 and O2) are added a posteriori to the pool of molecules

through their SMILES representation and converted to objects with RDKit. Oxygen-

containing molecules in the reservoir are added accordingly to the defined NO parameter

(i.e., if NO has a value of 1, only the molecules with one or none oxygen atoms are

added).

1.2 Reaction templates

1.2.1 Bond-breaking reactions CARE employs RDKit to generate the extended

chemical space (eCS, or set of species S) and bond-breaking reactions. Applying this

template to the chemical space (CS) results into the creation of all the possible bond-

breaking elementary reactions, and the addition to the CS of their products, including

both open- and closed-shell molecules. Specifically, unsaturated molecules like alkenes

and alkynes are generated within this template. The implementation of this template

goes through the following steps:

(i). Template for bond-breaking events: A set of rules for bond-breaking events

are defined as bond types including C-C, C-H, C-O, O-H, O-O, and H-H bonds.

Two sets, one for the produced fragments and one for the unique reactions are

generated.

(ii). Recursive check: For the given species, the corresponding SMILES representa-

tion is checked to verify if it has already been processed avoiding redundancy.

(iii). Identification of unique bonds: Species is then sanitized with RDKit and

stereo-chemistry is assigned. Symmetry rules are applied to identify unique bonds

and avoid repeating equal events.
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(iv). Molecule modification: For each bond type, the specific bond is removed,

forming two new fragments.

(v). Fragment processing: The SMILES representation of each fragment is obtained

and added to a list. If a fragment has not been processed previously, it is added to

a processed fragments dictionary to keep track of all unique fragments generated.

(vi). Recursive Bond-Breaking: The algorithm then recursively calls itself with

each fragment as the new species to break further bonds within these smaller

structures.

(vii). Reaction recording: For each bond-breaking process, the function constructs

a reaction tuple, capturing the transformation from the original species to the

resulting fragments and the bond broken. The information regarding the split

bond is later used by GAME-Net-UQ to label and distinguish the transition state

graphs.

The eCS is then labeled using InChIKey [4] and stored in a dictionary. These iden-

tifiers have a standard, fixed length, which is a characteristic that can be advantageous

for data storage and manipulation. The use of this nomenclature is intended to aid in

the organization and processing of large datasets, with a design that may support the

effective handling of complex data.

Intermediate instances are then generated for each compound in the chemical

space and stored in a dictionary. All systems are labelled as adsorbed species, and

a second gas-phase instance is created for species satisfying the closed-shell property.

The intermediate identifiers in CARE are the InChIKey plus an extra phase-identifier

character, “*” for adsorbed species (i.e., “CURLTUGMZLYLDI-UHFFFAOYSA-N*”) and “g”

for gas-phase molecules (i.e., “MHAJPDPJQMAIIY-UHFFFAOYSA-Ng”).

ElementaryReaction instances are generated as follows: (i) for each bond-breaking

event, the bond-breaking type is retrieved and Intermediate instances for reactants

and products are accessed through their InChIKey, (ii) the reaction components are

defined as a 2-items tuple, one for the reactants and one for the products, (iii) if for
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a reactant, two products are generated, an active site is added to the reactants list as

a dummy object and (iv) with the components of the reaction and the bond-breaking

type defined, the ElementaryReaction instance is then generated.

1.2.2 Adsorption reactions CARE includes a reaction template for adsorp-

tion/desorption steps. Gas-phase molecules are accessed in the Intermediate dictio-

nary and both gas-phase and adsorbed instances are identified. As for the reaction

components, the reactant is the gas-phase species plus an active site, and the product

is the adsorbed species. Dissociative adsorption for molecular hydrogen and oxygen is

included. In this case, the definition of the reaction components is slightly different: the

reactant species are defined as before, but for the products the Intermediate instances

of the individual adsorbed hydrogen or oxygen atoms are added. The reaction type is

also labelled as “adsorption” and the ElementaryReaction instance is generated.

1.2.3 Rearrangement reactions Expanding the set of templates is feasible. As

example, CARE includes [1,2]-H shifts. The template for [1,2]-H shifts is based

on SMILES manipulation and the ElementaryReaction instances are labelled as

"rearrangement". The procedure is as follows: Intermediate instances for all ad-

sorbed species are accessed and grouped in a dictionary by molecular formula. For each

group with matching formula, using RDKit new subgroups of species are generated

based on constitutional isomerism. For each subgroup of isomer families, all possible

pairs of species are generated and the algorithm then checks for each pair if a [1,2]-H

shift is permitted by SMILES analysis. If the only difference in representation is a

neighbouring hydrogen between heavy atoms, an instance of the ElementaryReaction

is generated.

1.2.4 Electrochemical reactions The Computational Hydrogen Electrode (CHE)

model [5] enables operating under electrochemical conditions in CARE. To include

proton-coupling electron transfer (PCET) steps, a formalism is applied by defining a

set of templates for the elementary reactions involving X-H and X-O(H) (X = C, O)

7



bond-breakings, depending on pH, applied potential, and temperature.

The template for these reactions, labeled as “PCET”, requires the definition of two

Intermediate child-classes for the proton source: Proton and Water, as well as a

specific class for the electron (Electron). These classes include information such as

the relative charge and phase of the species, labeled as solvent (“solv”) or “electro” for

the electron. For reactions involving X-H (X = C, O) bond-breakings, their Elemen-

taryReaction instances are accessed and the adsorbed hydrogen is replaced with a pair

of a Proton and an Electron. A general case showcasing the formalism adaptation is

provided below.

Thermal A∗ +H∗ −−⇀↽−− A−H∗ + ∗

Electro A∗ +H+
(solv) + e− −−⇀↽−− A−H∗

(1)

Similarly, reactions involving X-O(H) (X = C, O) bond-breakings are updated.

The free active sites are replaced by a Proton/Electron pair and the adsorbed OH is

replaced with a Water species:

Thermal A−OH∗ + ∗ −−⇀↽−− A∗ +OH∗

Electro A−OH∗ +H+
(solv) + e− −−⇀↽−− A∗ +H2O(l)

(2)

Once all the chemical species, S, and elementary reactions, R, are generated, these

are given to a ReactionNetwork instance, which works as an interface for the CRN.

Note 2: Adsorbate placement

For the adsorbate placement to evaluate species with GAME-Net-UQ, a streamlined

version of DockOnSurf [6] and ACAT [7] are employed. First, the catalyst slab is

adjusted to fit the size of the adsorbate ensuring the minimization of overlapping/lateral

interactions. To do so, the maximum length between atoms from the adsorbate is

compared with the shortest side of the slab. If the adsorbate length is greater than the

slab side, the supercell is then extended laterally.
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Second, both the surface and the adsorbate are analyzed to identify their potential

anchoring centers. ACAT is used to identify unique anchoring points (top, bridge,

hollow, etc.) on the surface. Adsorbate anchoring centers are defined as non-saturated

atoms and identified through graph-theory with NetworkX. For fully saturated species,

their heavy atoms are selected as anchoring centers. For the particular case of carbon

monoxide, only the carbon atom is selected.

Adsorption height is then defined, based on heuristics depending on the adsorbate

size: 2.0 Å for species containing 10 or more atoms, 1.5 Å for adsorbates containing

from 2 to 10 atoms and xsite + rsurface atom for adsorbing single atoms. For the first case,

given the size of the adsorbates, the concept of "active sites" is blurred, therefore the

procedure is the following: coordinates of all surface anchoring atoms are retained and

a mean coordinate is obtained, acting as the anchoring point. For the other cases,

mean coordinates are generated for each potential anchoring center and all centers

are evaluated separately. Similarly, this procedure is also applied for all adsorbate

species containing more than two potential anchoring centers. Then, DockOnSurf is

run, generating a large set of adsorbed configurations for each system which is added to

the Intermediate instances as ads_configs attributes. Configurations for monoatomic

species are generated through ACAT and only one configuration is generated. It is

important to mention that these heuristics rules just serve to generate a proper graph

representation and that the exact atomic coordinates are not relevant, as the graph

representation in GAME-Net-UQ does not encode bond lengths (Supplementary

Note 4).

The application of heuristic adsorption lengths serves to the generation of guess con-

figurations that can be later evaluated directly by the desired energy evaluator. These

pre-defined adsorbate-surface distances work as a minimum threshold of the adsorption

height, if the criteria of adsorbing the adsorbate species to the surface is not met (e.g.,

the distance is too short leading to non-physically allowed configurations), the distance

is iteratively increased by 0.1 Å until reasonable surface-adsorbate configurations are

generated.
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Note 3: GAME-Net-UQ training dataset

The dataset used to train GAME-Net [8] consisting of closed-shell molecules adsorbed

on 14 transition metal surfaces, has been extended to include adsorbed fragments and

transition state structures. The new DFT dataset contains 232 gas-phase closed-shell

molecules, 2554 surface transition states and 13832 adsorbed intermediates, totaling

17228 entries. The transition states represent bond breaking/forming events. Adsorbed

intermediates have been simulated with DFT at low-coverage conditions with no lateral

interactions. Adsorbed intermediates consist of the closed-shell molecules from the

original dataset and open-shell species. The latter include the smallest ones, like C, H,

O, CH, CH2, up to C3 fragments. A complete list of the included species can be found

in Supplementary Tables 3–4.

Besides the most stable surface orientations, the second and third most stable sur-

face orientations for each metal have been considered (face-centered and body-centered

cubic: (111), (110), (100); hexagonal closed-packed: (0001), (1011), (1010)). While

CARE targets reaction networks for CHO species, GAME-Net-UQ is trained with ad-

sorbates containing N and S. After cleaning the DFT dataset and discarding isomorphic

graphs representing structures converged to the same geometry, the final graph dataset

includes 12303 items, 20% transition states and 80% intermediates (Supplementary

Table 2). The transition state dataset used to train and evaluate GAME-Net UQ

consists of 2554 CxHyOz bond-breaking/forming reactions (Supplementary Fig. 4,

Supplementary Table 5). All the metals used in GAME-Net are present except for

Fe.

Note 4: GAME-Net-UQ graph representation

GAME-Net-UQ adopts a static graph representation for adsorption structures similar

to the one employed in Ref. [8]. This includes the adsorbate (intermediate or transition

state), the surface atoms directly in contact with the adsorbate (1-hop nearest neigh-

bours), and their neighbours (2-hop nearest neighbours with respect to the adsorbate,
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see Supplementary Fig. 3). To detect the graph edges (chemical bonds) from the

spatial atomic coordinates, atoms must be adjacent in space and their distance must

be smaller than a defined threshold.

Adjacency information is obtained with the Voronoi tessellation algorithm, while

the threshold is initially defined as the sum of the covalent radii of the two atoms

plus a tolerance value of 0.25 Å. Atomic radii are taken from Cordero et al. [9] and

the values for the metals are multiplied by a factor of 1.25 to help in the detection

of adsorbate-surface edges. Since this strategy leads to a small percentage of graphs

without adsorbate-surface edges, the scale factor is increased iteratively by 0.2 (1.25,

1.45, 1.65, etc.) until detection of adsorbate-surface edges. For DFT geometries repre-

senting bond breaking/forming events, the transition state is correctly detected if the

adsorbate graph consists of exactly two disconnected components. An edge between

the nearest atoms of the two components is then added and labeled as “1”. Transition

state graphs have exactly one edge with attribute “1”. All other edges in the graphs are

labeled as “0”.

As the new dataset shows more diversity in terms of closed/open-shell nature and

surface orientation, the graph representation originally defined for GAME-Net, which

is the simplest possible, has been extended. The graph nodes, besides one-hot encoding

the chemical element symbol, now include the normalized generalized coordination

number, a descriptor capturing the local environment of the atoms in the catalyst slab.

The generalized coordination number gCN of an atom i is defined as:

gCNi =
1

max(CN)

∑
j∈N (i)

CNj (3)

where N (i) is the set of neighbor atoms of i, CN is the coordination number of each

neighbor, and max(CN) is the coordination number of the atoms in the bulk, which

have the maximum value (12 for fcc and hcp, and 8 for bcc crystal structures). As the

gCN value ranges between 0 and max(CN), the normalized generalized coordination
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number gCN is encoded in the surface atoms:

gCN i =
gCNi

max(CN)
=

1

max(CN)2

∑
j∈N (i)

CNj (4)

The target of GAME-Net-UQ is the DFT scaled adsorption energy Ẽads:

Ẽads = Etot − Eslab (5)

where Etot is the DFT energy of the adsorption system (slab+adsorbed species/transition

state) and Eslab is the DFT energy of the empty slab.

GAME-Net-UQ is trained to predict not only the energy of stable species but also

that of transition states of surface reactions ETS, in order to then derive the activation

energy Eact. In inference mode, the graph representation of transition states is generated

from the graph of the adsorbed reactant A* in the surface reactions A* + * → B* + C*

always defined in the bond-breaking direction (Supplementary Fig. 13) (concerted

steps and electrochemical PCET water elimination processes are not considered).

The TS graph differs by the graph of A* by two main characteristics: i) the Boolean

attribute (1=bond involved in TS, 0=bond not involved) of the edge (bond) linking

B* and C* fragments (Supplementary Fig. 3), and ii) if one of the atoms (nodes)

participating in the bond cleavage presents no edge with the surface, the closest reactive

surface atom (as the atom with lowest coordination number) is identified. Sequentially,

an edge between the atom of the adsorbate and the reactive surface atom is added.

Therefore, the activation energy is obtained as:

Eact = ETS − EIS = ETS − EA* (6)

Regarding the edge attribute in the graph representation, by default all edges have this

attribute set to 0. Only one edge is switched to 1 to label the bond being broken in

the transition state graphs.
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Note 5: GAME-Net-UQ uncertainty quantification

The inclusion of uncertainty quantification in GAME-Net-UQ required the redefinition

of the model output and the change of the training loss function. The scaled DFT

adsorption energy Ẽads is returned by GAME-Net-UQ as a normal probability density

function (Supplementary Fig. 2):

p(Ẽads) =
1

σ
√
2π

exp

(
−(Ẽads − µ)2

2σ2

)
(7)

defined by the mean µ and the standard deviation σ quantifying the model uncertainty.

The actual output of GAME-Net-UQ is the tuple (µ, σ). The original GAME-Net

can be thought as its limit case where σ = 0 for all the inputs (Supplementary

Fig. 3). Training this model architecture requires the definition of a loss function

quantifying accuracy and uncertainty. This means training a model whose output

normal distributions are centered as close as possible to the target DFT value, while

keeping the variance as small as possible. The negative log likelihood L is the function

of choice for this task:

L = − log

(
1

σ
√
2π

exp

(
−(ẼDFT

ads − µ)2

2σ2

))
(8)

which, after few manipulations, equals:

L =
(ẼDFT

ads − µ)2

2σ2
+ log(σ

√
2π) (9)

For mini-batch training, L becomes:

L =

n∑
i=1

(ẼDFT
ads,i − µi)

2

2σ2
i

+ log(
√
2π

n∏
i=1

σi) (10)

Minimizing L involves finding a balance between accuracy, represented by the numer-

ator in the first term, and uncertainty, present in both terms. L can be minimized

by lowering σ to reduce the second term of the sum, but since σ appears also as
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denominator of the first term, it leads to an increase of the first term.

To assess the quality of the uncertainty estimates on the test set, we provide the

values of sharpness Sha, variation coefficient cv, Spearman’s rank correlation coefficient

ρS, and the calibration curve, following the guidelines from Tran et al. [10]. The

performance metrics for GAME-Net-UQ are provided in Supplementary Table 7.

Sha =

√∑n
i=1 σi

2

n
(11)

cv =

√∑n
i=1(σi−σ)2

n−1

σ
(12)

with σ being the mean standard deviation across the n test data points. To quantify

the model calibration, the normalized residual êi is first obtained for each test data:

êi =
ẼDFT

ads,i − µmodel
i

σmodel
i

(13)

with ẼDFT
ads,i being the DFT scaled adsorption energy (our ground truth), µmodel

i and

σmodel
i the predicted mean and standard deviation of graph i. The miscalibration curve

is obtained by plotting the distance between the cumulative distribution functions

(CDFs) of the normalized residuals and the unit normal distribution (Supplementary

Fig. 11). The miscalibration area (MCA) is the area between the ideal and observed

calibration curve.

Note 6: GAME-Net-UQ architecture and training

The architecture of GAME-Net-UQ implemented in CARE is similar to the one of the

original GAME-Net. Input graphs are represented by the node feature vectors, each of

them being a 20-dimensional array (14 metals + C, H, O, N, and S, and the normalized

generalized coordination number), and by the graph connectivity in coordinate format.

To transform the graph representation into the predicted DFT scaled adsorption energy

Ẽads, the following transformations are applied in the listed order:
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(i). Each node feature vector is first transformed via one dense layer, increasing the

dimensionality of the vector from 20 to 192, R20 → R192.

(ii). Three GraphSAGE [11] convolutions are applied sequentially to all the nodes to

capture the information from the neighbors by exploiting the graph connectivity.

R192 → R192.

(iii). A topology adaptive graph (TAG) convolutional layer [12] is defined to capture

the information encoded in the broken/formed chemical bond in the transition

state graphs. R192 → R192.

(iv). The information embedded in the nodes is finally compressed into a graph-level

representation with a revised attention pooling layer, [13], RN×192 → R2, with N

being the number of nodes in the graph. The 2D output vector defines the mean

µ and standard deviation σ of the output normal distribution. The latter value

passes through a Soft-Max activation function to enforce its positivity.

The activation function used in the node-level layers is the ReLU. Bias terms in all

layers are turned off. GAME-Net-UQ contains 558,761 parameters, and compared

to the original implementation (286k parameters), this models has an increased layer

depth (192 vs. 160), an additional topology adaptive graph (TAG) convolutional layer,

and the removal of the bias term in the linear transformations in the pooling layer.

The graph dataset (n=12303) has been split between train, validation and test sets

(60/20/20 %). Due to the reduced presence of gas closed-shell molecules in the dataset

compared to adsorption structures, a 10× oversampling for these species is applied in

the training set, i.e., each gas phase molecule in the training set appears 10 times.

The training dataset contains 8547 graphs, while validations and test sets 2460. Target

energies Ẽads are scaled via standardization using training and validation data. The

negative log likelihood (NLL) is employed as training loss function using the AMSGrad

optimizer [14]. The learning rate (LR) value is steered with the reduce-on-plateau

scheduler. The initial LR has been set to 10−3 and is reduced exponentially by the

scheduler every time there is no improvement after 5 epochs (patience) in the NLL of
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the validation set. The minimum LR possible has been set to 10−7, while the decrease

factor has been set to 0.7. In each training 250 epochs are performed. During each

epoch, the training set is fed to the model in batches of 32 samples, performing a

backward propagation and updating the model parameters after each batch.

The present work used only C, O, and H as atoms in the adsorbates, although

GAME-Net-UQ is capable of processing also N and S heteroatoms. GAME-Net-UQ can

be fine-tuned and extended in terms of materials applicability with external databases

provided as ASE database. Documentation is provided in the Github repository of

GAME-Net-UQ at https://github.com/LopezGroup-ICIQ/gamenet_uq.

Note 7: GAME-Net-UQ ablation study

An ablation study to GAME-Net-UQ has been performed to observe how the test per-

formance is affected by (i) removing the topology adaptive graph (TAG) convolutional

layer from the GNN architecture, (ii) neglecting the generalized coordination number

as node feature, and (iii) removing the 2-hop nearest surface neighbours with respect

to the adsorbate from the graph representation. The results of this study are shown in

Supplementary Table 8. The performance has been evaluated on the same test set

considered in the manuscript. For each case, we report the global mean absolute error

(MAE) and sharpness (Sha), and grouped by simulation type (intermediate/transition

state). To minimize nondeterminism-introducing factors, the runs have been performed

keeping fixed:

• the hardware (GPU) on which the learning processes have been performed.

• the train, validation, and test dataloaders and the number of workers (equal to

1).

• the order on which training data are fed to model by batches.

• the initial weights of the GNN.

For each combination of ablated features, 5 trainings have been performed.
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Note 8: Elementary reaction properties

The elementary reaction properties are derived as normal distributions starting from the

predictions obtained with GAME-Net-UQ for the intermediates and transition states.

Each elementary reaction, regardless of its direction, has four main properties: (i) the

direct reaction energy
→
∆E, (ii) activation energy

→
Eact, (iii) the equilibrium constant

→
Keq and (iv) the kinetic constant

→
k . Given these values, the properties of the reverse

step (i.e.,
←
∆E,

←
Eact,

→
k) can be derived. An elementary reaction A∗ + B∗ → C∗ + ∗

with normally distributed species’ energy Ei ∼ N (µ, σ2) in CARE is characterized as

follows:

→
∆E ∼ N

(
nS∑
i=1

νiµ(Ei),

nS∑
i=1

|νi|σ(Ei)
2

)
(14)

→
Eact ∼ N

(
µ(ETS)− µ(EIS), σ(ETS)

2 + σ(EIS)
2
)

(15)
←
∆E = −

→
∆E (16)

←
Eact =

→
Eact −

→
∆E (17)

with νi being the stoichiometric coefficient of species i in the reaction, and E a generic

energy placeholder, in our case it represents the DFT internal energy at 0K, however

the same relations hold if additional contributions (entropy, zero-point energy, etc.) are

considered. Additionally, EIS in Eq. 15 refers to the left-hand side of surface reactions

in the bond-breaking direction, due to easier manipulation of the transition state graph.

As GAME-Net-UQ allows predicting only the transition state energy of surface bond-

breaking reactions (see Supplementary Note 4 for the generation of the transition

state graph for GAME-Net-UQ), adsorption, desorption, and rearrangement steps are

considered as barrierless (Supplementary Figure 14) and
→
Eact collapses to:

→
Eact ∼ N

(
max(0,

→
∆E), σ(EFS)

2 + σ(EIS)
2
)

(18)

For the machine learning potentials, the nudged elastic band (NEB) method is
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implemented in CARE for computing transition states and activation barriers for bond-

breaking reactions on the catalytic surfaces. More details on the implementation of the

NEB method can be found in Supplementary Note 9.

For electro-catalytic reactions, the computational hydrogen electrode formalism [5]

is employed. To include pH and applied potential effects on proton-coupled electron

transfer (PCET) steps, reaction energies are modified as follows:

→
∆E =

→
∆ET − ne(USHE + 2.303kBTpH) (19)

where
→

∆ET is the thermal reaction energy in [eV], ne the stoichiometric coefficient of

the electron involved in the step, and USHE the applied potential with respect to the

Standard Hydrogen Electrode (SHE) in [V]. The equilibrium and kinetic constants are

eventually defined as:

→
Keq = exp

(
−
→
∆E

kBT

)
(20)

→
k =

kBT

h
exp

(
−
→
Eact

kBT

)
(21)

←
k =

→
k
→
Keq

(22)

Transition state theory is used to calculate the forward kinetic coefficients
→
kf (Eq. 21)

except for the adsorption steps, whose coefficients are evaluated with the Hertz-Knudsen

equation [15]. Kinetic coefficients of the reverse reactions are derived by imposing

thermodynamic consistency (Eq. 22).

As for each adsorbed species multiple configurations can be screened, to choose

which value of Ei is used for evaluating the reaction properties ∆E and Eact, the user

has two options when using GAME-Net-UQ as energy evaluator in CARE: (i) Selecting

the configuration with lowest uncertainty, or (ii) the configuration with lowest energy.

DFT databases can be employed with CARE to avoid the evaluation of already
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available species. Although this strategy leads to minimal computational savings, the

gain is a reduced uncertainty and improved accuracy for the reactions involving these

species. As an example, using the DFT energy of adsorbed H∗, the main hub in the

C1O2 chemical reaction network, positively affects the evaluation of 48% of the reactions

in the network by reducing their error and associated uncertainty.

Note 9: Transition state search

CARE provides an interface to evaluate the transition state (TS) energy of surface

reactions using either GAME-Net-UQ or ML Interatomic Potentials (MLIPs).

Since GAME-Net-UQ is a direct model, it is limited to constructing the TS graph. In

contrast, MLIPs require both the initial state (IS) and final state (FS) structures of the

reaction. CARE treats surface reactions in the bond-breaking direction A∗+ ∗ → B∗+

C∗. The IS structure is obtained directly from the most stable relaxed representation

of A∗. For GAME-Net-UQ, the TS graph is constructed by identifying the edge in the

IS graph whose removal produces the graphs of the product fragments B∗+C∗. This is

done by iteratively removing all possible edges in the IS graph and performing a graph

isomorphism check against the product graphs (Supplementary Fig. 13).

For MLIPs, the FS structure is generated from that of the IS as follows:

(i). Identify the fragment (B∗ or C∗) whose center of mass is farther from the surface.

(ii). Displace this fragment along a vector parallel to the surface and aligned with the

bond between the two atoms connecting B∗ and C∗.

(iii). Relax the resulting structure.

(iv). If the graph of the obtained relaxed structure represents two dissociated adsor-

bates (B∗ + C∗), it is accepted as FS. Otherwise, the displacement is increased

iteratively until the dissociation condition is satisfied.

TS search is performed with the nudged elastic band (NEB) method [16–18] im-

plemented in ASE [19]. CARE uses the following default NEB settings: five images
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between the initial and final states, a spring constant of 0.1 [eV/Å], linear interpolation

for the initial guess of intermediate images, and the BFGS optimizer.

The transition state is identified as the highest-energy configuration along the min-

imum energy path. This energy is then used to compute the activation barrier Eact.

The geometry and energy of the TS are stored in the ElementaryReaction instances.

Note 10: Methanol decomposition case study

C1O2 CRNs have been generated for each metal and each facet available in GAME-

Net-UQ for the methanol decomposition process. The CRN contains 69 elementary

reactions where 28 surface species and 10 gas-phase molecules participate. Microkinetic

runs have been performed for each CRN with Julia’s FBDF() solver. Settings used in

the MKM runs depend on the stiffness of the each CRN, however all simulations

required values of absolute (atol) and relative (rtol) tolerances of at least ≈ 10−15

and ≈ 10−13 respectively to converge to steady state. Supplementary Table 13

contains the energy and rate values obtained for each CRN-MKM run. To convert the

CO formation rates from the MKM runs rCARECO to the macroscopic rate and space time

yield (STY) presented in Fig. 3c and Supplementary Fig. 16, a unit conversion has

been done for the obtained rate values to match the experimental units through the

following equations:

rCO[µmol/gcatmin] = rCARECO [1/s]× 60[s/min]× 106[µmol/mol]×D[%]× wl[%]

MWmetal[gcat/mol]
(23)

STYCO[mol/molcath] = rCO × 60[min/h]×MWmetal[gcat/mol]
D[%]× wl[%]× 100

(24)

where D and wl refer to the metal dispersion and loading, respectively, and MWmetal

the molecular weight of the active metal.

The CO formation rate for each metal catalyst is obtained by aggregating the

contribution of all the hkl surface facets obtained from Ref. [20]. The CO formation

rates and adsorption energy in Fig. 3d and Supplementary Fig. 19 have been

obtained by weighting the values of each hkl facet by their relative percentage surface
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area αhkl:

rCARECO =
∑
hkl

αhklrhkl (25)

ECARE
ads,CO =

∑
hkl

αhklEads,hkl (26)

Note 11: Benchmark against MLIPs

The performance of GAME-Net-UQ in reproducing the experimental CO production

rates in the methanol decomposition case study has been compared to that of two

state-of-the-art Machine Learning Interatomic Potentials (MLIPs) available in CARE:

EquiformerV2-31M [21] and MACE-MP-0 (15.8M) [22]. The settings for each model

have been reported in Supplementary Table 12. The ASE calculator interfaces to

these models allow structural relaxation and transition state (TS) search. Therefore,

the activation energies Eact of the surface reactions have been estimated with the CI-

NEB method. The results of this experiment in terms of accuracy are depicted in

Supplementary Figures 19-20, while the computational time required to evaluate

the 63 CRNs with GAME-Net-UQ, EquiformerV2-31M and MACE-MP-0 is reported

in Supplementary Figure 17. Overall, the comparison of the results obtained with

these different energy evaluators demonstrates that the direct transfer of existing MLIPs

to reproduce experimental rates or trends in heterogeneous catalysis needs to be more

extensively benchmarked and for this, sound experimental databases are needed.

Note 12: DFT simulations energy footprint

The DFT simulations used in this work come from multiple sources in terms of user

and cluster/hardware where the simulation has been run. We provide a conservative

assessment of the CPU time required by VASP DFT simulations to converge, and the

related energy consumption. The following steps have been performed:
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(i). Parse the OUTCAR files for each VASP simulation and collect information about

computing cluster and number of cores on which the simulation has been run

(written on the top of the file), and elapsed time of the simulation telapsed (bottom

of the file). When Nruns DFT runs have been necessary to reach the desired

convergence criterion, the OUTCAR files of the previous runs have been saved to

collect the total elapsed time:

telapsed =
Nruns∑
i=1

telapsed,i [s] (27)

(ii). Get the number of CPUs NCPU on which the simulation has been run. Given the

number of cores per CPU Ncores, the CPU time can be estimated as:

CPU time = telapsed[h]×Ncores ×NCPU [CPU h] (28)

(iii). Retrieve the Thermal Design Power (TDP, in Watt [W]) of the specific CPU.

This value defines the theoretical maximum amount of heat generated by a CPU

that its cooling system is designed to dissipate. We assume here that CPUs work

at 100% capacity.

(iv). Retrieve the Power Usage Effectiveness (PUE) of the computing cluster. This

value provides a measure of energy efficiency for data centers, allowing the inclu-

sion of the cooling requirements in the energy balance.

(v). Get the estimate of the energy E consumed by a single DFT simulation with the

following formula:

E =
TDP [W]×NCPU × telapsed[s]× PUE

3.6× 106[J/kWh]
[kWh] (29)

Supplementary Table 6 provides average CPU time and power consumption for

DFT relaxations of adsorption structures with spin polarization (ISPIN=2, for Fe, Ni,

and Co surfaces), without spin polarization (ISPIN=1), and gas molecules.

22



Supplementary Figures

Fig. 1: Algorithm for the generation of the chemical species and reactions in CARE.
NC=Network Carbon Cutoff; NO=Network Oxygen Cutoff; PCET=Proton-Coupled Electron
Transfer.
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Fig. 2: GAME-Net-UQ example output with three unseen data with increasing uncertainty
going from left (dark green) to right (orange). Dashed lines = DFT values. Distributions =
GAME-Net-UQ predictions. PDF = Probability Density Function.
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Fig. 3: Comparison between a GAME-Net [8] and b GAME-Net-UQ in terms of graph repre-
sentation and output. The red edge in the transition state graph represents the broken/formed
chemical bond. gCN = generalized Coordination Number.
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Fig. 4: Overview of the transition state graphs used to train and evaluate GAME-Net-UQ.
Count by a bond-breaking type, b metal, c adsorbate size, d surface facet, number of e C and
f O atoms in the adsorbate. n=2554.
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Fig. 5: Metals and surfaces contained in the provided database in CARE grouped by crystal
structure. Additional surfaces can be obtained through the API of Materials Project or provided
by the user.
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Fig. 6: a Histogram of the DFT transition state structures used to develop GAME-Net-
UQ grouped by number of imaginary frequencies found via frequency analysis. n=2554. b
Distribution of the TS (orange) and secondary (blue) imaginary frequencies.

Fig. 7: a Predicted vs. DFT adsorption energies of the test set grouped by system type and
b associated error distribution. n =2460, nint =1982, nts =478. PDF = probability density
function. std = standard deviation.
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Fig. 8: Predicted vs. DFT adsorption energy for the transition state structures in the test
set a with and b without the topology adaptive graph (TAG) convolutional layer used to
distinguish transition states in GAME-Net-UQ. Mean absolute error (MAE) in panel a refers
to the final model implemented in CARE, while the value in b stems from the ablation study
(Supplementary Note 7). n =478.

Fig. 9: GAME-Net-UQ test performance by system type. Mean Absolute Error (MAE) bar-
plots by a system type and b bond-breaking involved in the transition state data, together
with c mean associated uncertainty σ̄. Error-bars represent the confidence interval at 95%
confidence. n =2460 (whole test set), nint =1982 (intermediates), nts =478 (transition states).

29



Fig. 10: a Mean Absolute Error (MAE) and b mean associated uncertainty σ̄ of the predictions
with GAME-Net-UQ on test data grouped by surface orientation. Error-bars represent the
confidence interval at 95% confidence. Values on top of the bars in panel a are the subgroup
size (top) and its MAE (bottom). n =2424 (test set data except gas molecules). fcc=face-
centered cubic; hcp=hexagonal close-packed; bcc=body-centered cubic.
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Fig. 11: GAME-Net-UQ uncertainty quantification analysis. a Probability density function
(PDF) of the normalized residuals on the test set compared to the ideal normal distribution,
with b corresponding cumulative distribution function (CDF) comparison and c derived cali-
bration curve showing the miscalibration area (MCA). d Distribution of the predicted standard
deviation for the test data, highlighting sharpness (Sha) and mean standard deviation. cv =
Variation coefficient (dimensionless). n =2460. Uncertainty metrics grouped by type of struc-
ture can be found in Supplementary Table 7.

31



Fig. 12: Quantification of the size of the chemical reaction networks (CRNs) generated with
CARE. a Number of species nS and b elementary reactions nR as function of the network
carbon and oxygen cutoffs (NC and NO), and c related scatter-plot highlighting the difference
when rearrangement steps are included. d Sparsity of the stoichiometric matrix ν as function
of nS. These panels have been constructed by generating the CRN blueprints with NC ≤ 4 and
all possible values of NO.
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Fig. 13: Scheme of the methodology employed in CARE to generate the graphs representing
transition states (TSs) for GAME-Net-UQ (Supplementary Note 9).
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Fig. 14: Overview of the four possible energy paths for elementary reactions as function of ac-
tivation presence and thermodynamics. E=potential energy, λ=reaction coordinate, IS=Initial
State, TS=Transition State, FS=Final State.
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Fig. 15: Intermediates of the C1O2 CRN used for the methanol decomposition case study.
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Fig. 16: CO formation rates from the microkinetic simulations for the methanol decomposition
case study, as function of the predicted CO adsorption energy for left all available hkl surface
orientations for each metal and right weighted by their fractional area contribution obtained
from Crystalium database [20]. T=473 K, P=1 bar, yMeOH=10%. fcc=face-centered cubic;
hcp=hexagonal close-packed.

Fig. 17: Total GPU execution time for energy evaluation of intermediates and reactions (∆E
and Eact) in the MeOH decomposition CRNs, as function of metal, hkl surface, and ML model.
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Fig. 18: Parity plots comparing reaction properties obtained with DFT and GAME-Net-UQ,
EquiformerV2-31M [21], and MACE-MP-0 [22] for the methanol decomposition case study.
Reaction energy ∆E data are shown as circles, while activation energy data Eact are displayed
as triangles. E∗act represents the activation energy obtained by considering all reactions as
barrierless (Supplementary Figure 14). MAE=Mean Absolute Error. The highlighted
bands represent the parity line ±0.2 eV. Values can be found in Supplementary Table 10.
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Fig. 19: Benchmark of the microkinetic modeling results obtained from the different MLIPs
for the methanol decomposition case study. Logarithmic space-time yield (STY) for the CO
formation from microkinetic simulations as function of the CO adsorption energy predicted by
each evaluator. Benchmark settings and performance indicators (MAE and RMSE) are reported
in Supplementary Table 12, while microkinetic results for all ML models can be found in
Supplementary Table 13.
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Fig. 20: Parity plot of the experimental vs. predicted logarithmic normalized CO produc-
tion rates with values coming from microkinetic simulations using energy predictions from
GAME-Net-UQ, EquiformerV2-31M [21], and MACE-MP-0 [22]. Black line represents the
ideal parity line. Benchmark settings and performance metrics (MAE and RMSE) are reported
in Supplementary Table 12, while microkinetic results for all ML models can be found in
Supplementary Table 13.

Fig. 21: Barplot of a number of elementary reactions by type in the C3O2 CRN on Cu(100)
and b top-10 hub species. PCET=Proton-coupled electron transfer; Rearr=Rearrengement;
Ads/Des=Adsorption/Desorption.
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Fig. 22: Scatterplots of the activation energy Eact values (µ) and associated uncertainties (σ)
obtained with GAME-Net-UQ of the elementary reactions in the electrochemical C3O2 network
in the bond-forming direction as function of the applied potential and electrolyte pH, coloured
by reaction type. Proton-coupled electron transfer (PCET) reactions cluster in two groups.
The one with higher uncertainty represents elementary steps where the protonation of an -OH
group forms water. n = 7709. SHE=Standard Hydrogen Electrode.
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Fig. 23: Scatter-plot of the activation energies predicted by GAME-Net-UQ Epred
act and associ-

ated uncertainties σ grouped by reaction type, for the C-C, C-H and C-O dissociation reactions
in the C6O1 reaction network representative of the Fischer-Tropsch process, on a Co(0001), b
Ni(111), c Ru(0001), and d Fe(110). n = 357, 224.
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Supplementary Tables

Table 1: Surfaces considered when developing GAME-Net-UQ. Slab height and vacuum re-
ported in [Å], area in [Å]. fcc=face-centered cubic; hcp=hexagonal close-packed; bcc=body-
centered cubic.

Metal Structure hkl Layers Area Slab height Atoms Vacuum
111 4 89.35 7.11 48 12.89

Ag fcc 100 4 103.17 6.16 48 13.84
110 6 145.91 7.22 72 12.78
111 4 89.75 7.17 48 12.83

Au fcc 100 4 103.64 6.18 48 13.82
110 10 146.57 7.26 72 12.74
0001 4 95.47 8.59 48 11.41

Cd hcp 101̄0 8 158.72 8.75 72 14.93
101̄1 8 173.68 8.78 72 15.35
0001 4 64.50 6.05 48 13.95

Co hcp 101̄0 8 90.45 7.13 72 15.08
101̄1 8 102.65 7.12 72 15.18
111 4 68.60 6.21 48 13.79

Cu fcc 100 4 79.22 5.39 48 14.61
110 8 112.03 6.32 72 13.68
110 4 67.90 6.05 48 13.95

Fe bcc 111 8 124.79 5.69 72 14.31
100 6 72.04 7.19 54 14.89
111 4 77.91 6.61 48 13.39

Ir fcc 100 4 89.96 5.72 48 14.28
110 7 127.22 6.75 72 13.25
111 4 64.32 6.04 48 13.96

Ni fcc 100 4 74.27 5.21 48 14.79
110 7 105.03 6.10 72 13.90
0001 4 78.02 6.47 48 13.53

Os hcp 101̄0 8 107.71 7.84 72 15.11
101̄1 8 122.90 7.80 72 15.21
111 4 80.61 6.80 48 13.20

Pd fcc 100 4 93.08 5.83 48 14.17
110 7 131.63 6.90 72 13.10
111 4 81.82 6.85 48 13.15

Pt fcc 100 4 94.47 5.84 48 14.16
110 8 133.60 6.91 72 13.09
111 4 75.97 6.52 48 13.48

Rh fcc 100 4 87.72 5.65 48 14.35
110 8 124.06 6.72 72 13.28
0001 4 76.44 6.34 48 13.66

Ru hcp 101̄0 8 104.26 7.71 72 15.11
101̄1 8 118.94 7.69 72 15.20
0001 4 76.61 7.14 48 12.86

Zn hcp 101̄0 8 121.86 7.62 72 14.98
101̄1 8 133.31 7.51 72 15.48
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Table 2: Composition of the graph dataset used to train and evaluate GAME-Net-UQ. Details
on data splitting for training and evaluation can be found in Supplementary Note 3.

Category n % Metals Facets

Adsorbed species 9565 77.7
Ag, Au, Cu, Fe, Ir, Ni, Pd, Pt, Rh 111, 110, 100
Cd, Co, Os, Ru, Zn 0001, 101̄1, 101̄0

Gas species 184 1.5 - -

Transition states 2554 20.8
Ag, Au, Cu, Ir, Ni, Pd, Pt, Rh; 111
Cd, Co, Os, Ru, Zn 0001

Total 12303 100 14 6

Table 3: Species in the GAME-Net-UQ training dataset (1/2).

InChIKey Formula InChIKey Formula

AECGUCXUTHPJTM-UHFFFAOYSA-N CH3NO JTNXQVCPQMQLHK-UHFFFAOYSA-N C3H6S
SFKDSPYJDFPUMH-UHFFFAOYSA-N C2H5NO SUVIGLJNEAMWEG-UHFFFAOYSA-N C3H8S
DGJKFPUBZQKYDG-UHFFFAOYSA-N C2H5NO KJRCEJOSASVSRA-UHFFFAOYSA-N C3H8S
UITRKXIKGGFNRZ-UHFFFAOYSA-N C3H7NO WXEHBUMAEPOYKP-UHFFFAOYSA-N C3H8S

XQJNRLAOMOWOQA-UHFFFAOYSA-N C3H7NO QYYAEQQRMTZUPJ-UHFFFAOYSA-N C4H8S
ZMXDDKWLCZADIW-UHFFFAOYSA-N C3H7NO OMNLPAKGAQSUGE-UHFFFAOYSA-N C4H8S
JFJVFPQRELNGCW-UHFFFAOYSA-N C3H7NO WQAQPCDUOCURKW-UHFFFAOYSA-N C4H10S
CHOPEEJXLNOHPU-UHFFFAOYSA-N C4H9NO LOCHFZBWPCLPAN-SCSAIBSYSA-N C4H10S
ASBZENBKXGHKNE-UHFFFAOYSA-N C4H9NO LOCHFZBWPCLPAN-BYPYZUCNSA-N C4H10S
IANOTGWVCWAYKW-UHFFFAOYSA-N C4H9NO ZOASGOXWEHUTKZ-UHFFFAOYSA-N C4H10S
FJLHLDBEZKTSOK-UHFFFAOYSA-N C4H9NO CQSQMXIROIYTLO-UHFFFAOYSA-N C4H8S

RPWDRUCHXZVYGM-UHFFFAOYSA-N C4H9NO WMXCDAVJEZZYLT-UHFFFAOYSA-N C4H10S
WFAKFKMYBMVALU-UHFFFAOYSA-N C4H9NO LJSQFQKUNVCTIA-UHFFFAOYSA-N C4H10S
FXHOOIRPVKKKFG-UHFFFAOYSA-N C4H9NO OWARERHZICHRON-UHFFFAOYSA-N CH2O2
XWBHWCIPYKYZBS-UHFFFAOYSA-N C4H9NO LBCQFPBSELSYJB-UHFFFAOYSA-N CH2O3
OXDAYEMKZMQHGM-UHFFFAOYSA-N CH4N2 MODBTQMWBRGTDP-UHFFFAOYSA-N C2H4O2
GPZREJXFWUUZHU-UHFFFAOYSA-N C2H6N2 TZIHFWKZFHZASV-UHFFFAOYSA-N C2H4O2
CYKRHAOKXOSDJO-UHFFFAOYSA-N C2H6N2 FOOFOXSISXQYRV-UHFFFAOYSA-N C2H4O3
JGBMTIKRTQWECX-UHFFFAOYSA-N C2H6N2 LTEZBCNAMGAAES-UHFFFAOYSA-N C3H6O2
GQSMXRFRDWRRSO-UHFFFAOYSA-N C3H8N2 WBJINCZRORDGAQ-UHFFFAOYSA-N C3H6O2
NHPHQGOKECZBKU-UHFFFAOYSA-N C3H8N2 KXKVLQRXCPHEJC-UHFFFAOYSA-N C3H6O2
WVRKMRAFXWIPEI-UHFFFAOYSA-N C3H8N2 JTQSZMCUPZDSKZ-UHFFFAOYSA-N C3H6O3
XYEMSMVHYCFQCX-UHFFFAOYSA-N C3H8N2 IEJIGPNLZYLLBP-UHFFFAOYSA-N C3H6O3
DSWNRHCOGVRDOE-UHFFFAOYSA-N C3H8N2 NRMXCYYODYXLOK-UHFFFAOYSA-N C4H8O2
IWPDYHTXXUWAOG-UHFFFAOYSA-N C3H8N2 FEAPOKONUDZADA-UHFFFAOYSA-N C4H8O2
OKOGENLSQNAZNG-UHFFFAOYSA-N C3H8N2 KFNNIILCVOLYIR-UHFFFAOYSA-N C4H8O2
BBDVJSZQELZGRA-UHFFFAOYSA-N C4H10N2 RMOUBSOVHSONPZ-UHFFFAOYSA-N C4H8O2
DGJGQEXKDZKKJC-UHFFFAOYSA-N C4H10N2 XEKOWRVHYACXOJ-UHFFFAOYSA-N C4H8O2
CEZZGEGVYIGHKV-UHFFFAOYSA-N C4H10N2 RJUFJBKOKNCXHH-UHFFFAOYSA-N C4H8O2
YBGDWIUBUSZYDE-UHFFFAOYSA-N C4H10N2 JPGVXHXSEFTIDC-UHFFFAOYSA-N C4H8O3
IIMUSGFHNCKDFC-UHFFFAOYSA-N C4H10N2 WHQZWHMMXFTTLH-UHFFFAOYSA-N C4H8O3
LXPSOLDOCZPQHY-UHFFFAOYSA-N C4H10N2 JBTWLSYIZRCDFO-UHFFFAOYSA-N C4H8O3
PBCGKWSGSBCQIO-UHFFFAOYSA-N C4H10N2 SQDFHQJTAWCFIB-UHFFFAOYSA-N CH3NO
QXHVFOLQIFMHND-UHFFFAOYSA-N C4H10N2 FZENGILVLUJGJX-UHFFFAOYSA-N C2H5NO
PAXRVGDTBDATMF-UHFFFAOYSA-N C4H10N2 IFDZZSXEPSSHNC-UHFFFAOYSA-N C3H7NO
IGQQRXQHIBZWPQ-UHFFFAOYSA-N C4H10N2 PXAJQJMDEXJWFB-UHFFFAOYSA-N C3H7NO
KXRGLKFLUYWCPK-UHFFFAOYSA-N C4H10N2 KGGVGTQEGGOZRN-UHFFFAOYSA-N C4H9NO
DMNYJSMNRDYEOT-UHFFFAOYSA-N C4H10N2 SYJPAKDNFZLSMV-UHFFFAOYSA-N C4H9NO
BJYBAILYGNMNGZ-UHFFFAOYSA-N C4H10N2 WHIVNJATOVLWBW-UHFFFAOYSA-N C4H9NO
LYMPVLYRGOKDLY-UHFFFAOYSA-N C4H10N2 XLYOFNOQVPJJNP-UHFFFAOYSA-N H2O
RPJOONIASVZOKB-UHFFFAOYSA-N C4H10N2 UGFAIRIUMAVXCW-UHFFFAOYSA-N CO
LEJDDBPNWNKHCT-UHFFFAOYSA-N C4H10N2 VNWKTOKETHGBQD-UHFFFAOYSA-N CH4
IAYPJSHDLNNXLG-UHFFFAOYSA-N C4H4S OKKJLVBELUTLKV-UHFFFAOYSA-N CH4O
HGVFOSNZNHQXIW-UHFFFAOYSA-N CH3NO2 CURLTUGMZLYLDI-UHFFFAOYSA-N CO2
VBTYNRHZDSWJCL-UHFFFAOYSA-N C2H5NO2 SMIUJKHFIOXZIP-UHFFFAOYSA-N H2
NXUOLOBRZBCFJE-UHFFFAOYSA-N C2H5NO2 RWSOTUBLDIXVET-UHFFFAOYSA-N H2S
HRBJYQCIEOOCPU-UHFFFAOYSA-N C3H7NO2 QGZKDVFQNNGYKY-UHFFFAOYSA-N H3N
WMXFSBZDJRGXFF-UHFFFAOYSA-N C3H7NO2 MYMOFIZGZYHOMD-UHFFFAOYSA-N O2
JTRNLKDJASRMNC-UHFFFAOYSA-N C3H7NO2 RAHZWNYVWXNFOC-UHFFFAOYSA-N O2S
LCDHCQSTRWYJQT-UHFFFAOYSA-N C3H7NO2 SNRUBQQJIBEYMU-UHFFFAOYSA-N C12H26
GLHFUWDZRHCYLD-UHFFFAOYSA-N C4H9NO2 WIRCLRWVKNJKHO-ZNMIVQPWSA-N C15H32
JHNHGOYOCHADHO-UHFFFAOYSA-N C4H9NO2 WIRCLRWVKNJKHO-ILXRZTDVSA-N C15H32
HRKAQXFFKCYSHV-UHFFFAOYSA-N C4H9NO2 OKTJSMMVPCPJKN-UHFFFAOYSA-N C
ZCEKZAREXZJYHV-UHFFFAOYSA-N C4H9NO2 HZVOZRGWRWCICA-UHFFFAOYSA-N CH2
UVTCDTIWJBSBPI-UHFFFAOYSA-N C4H9NO2 WCYWZMWISLQXQU-UHFFFAOYSA-N CH3
UWUIBGJUIUNVEJ-UHFFFAOYSA-N C4H9NO2 VRLIPUYDFBXWCH-UHFFFAOYSA-N CH

BXYNEAWHAAGRQE-UHFFFAOYSA-N C4H9NO2 YZCKVEUIGOORGS-UHFFFAOYSA-N H
SELYJABLPLKXOY-UHFFFAOYSA-N C4H9NO2 QJGQUHMNIGDVPM-UHFFFAOYSA-N N

WSFSSNUMVMOOMR-UHFFFAOYSA-N CH2O MDFFNEOEWAXZRQ-UHFFFAOYSA-N H2N
HSFWRNGVRCDJHI-UHFFFAOYSA-N C2H2 PDCKRJPYJMCOFO-UHFFFAOYSA-N HN
VGGSQFUCUMXWEO-UHFFFAOYSA-N C2H4 QVGXLLKOCUKJST-UHFFFAOYSA-N O
IKHGUXGNUITLKF-UHFFFAOYSA-N C2H4O TUJKJAMUKRIRHC-UHFFFAOYSA-N HO
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Table 4: Species in the GAME-Net-UQ training dataset (2/2).

InChIKey Formula InChIKey Formula

OTMSDBZUPAUEDD-UHFFFAOYSA-N C2H6 NINIDFKCEFEMDL-UHFFFAOYSA-N S
LCGLNKUTAGEVQW-UHFFFAOYSA-N C2H6O PXQLVRUNWNTZOS-UHFFFAOYSA-N HS
LFQSCWFLJHTTHZ-UHFFFAOYSA-N C2H6O CFHIDWOYWUOIHU-UHFFFAOYSA-N CHO

MWWATHDPGQKSAR-UHFFFAOYSA-N C3H4 GRVDJDISBSALJP-UHFFFAOYSA-N CH3O
QQONPFPTGQHPMA-UHFFFAOYSA-N C3H6 CBOIHMRHGLHBPB-UHFFFAOYSA-N CH3O
CSCPPACGZOOCGX-UHFFFAOYSA-N C3H6O UUOIGPDTLYBNGY-UHFFFAOYSA-N CH2O
ATUOYWHBWRKTHZ-UHFFFAOYSA-N C3H8 ADSJRDYXKYXFKM-UHFFFAOYSA-N CHO
XOBKSJJDNFUZPF-UHFFFAOYSA-N C3H8O RGKSXKVIDIQWGT-UHFFFAOYSA-N C2H3O
BDERNNFJNOPAEC-UHFFFAOYSA-N C3H8O VOLGAXAGEUPBDM-UHFFFAOYSA-N C2H5O
KFZMGEQAYNKOFK-UHFFFAOYSA-N C3H8O KBQZXXMNJQRFEK-UHFFFAOYSA-N C2H3O
XNMQEEKYCVKGBD-UHFFFAOYSA-N C4H6 XMHKKYSQISNWMY-UHFFFAOYSA-N C2HO
KDKYADYSIPSCCQ-UHFFFAOYSA-N C4H6 KQXYVMHIWIXTEY-UHFFFAOYSA-N C2H2O
VXNZUUAINFGPBY-UHFFFAOYSA-N C4H8 FATAVLOOLIRUNA-UHFFFAOYSA-N C2H3O
IAQRGUVFOMOMEM-UHFFFAOYSA-N C4H8 YOHSXODKVUPAKH-UHFFFAOYSA-N C2HO
VQTUBCCKSQIDNK-UHFFFAOYSA-N C4H8 CCGKOQOJPYTBIH-UHFFFAOYSA-N C2H2O
ZWEHNKRNPOVVGH-UHFFFAOYSA-N C4H8O IMROMDMJAWUWLK-UHFFFAOYSA-N C2H4O
IJDNQMDRQITEOD-UHFFFAOYSA-N C4H10 QFXZANXYUCUTQH-UHFFFAOYSA-N C2H2O
NNPPMTNAJDCUHE-UHFFFAOYSA-N C4H10 AXSRCFOSKHEJGQ-UHFFFAOYSA-N C2H2O
LRHPLDYGYMQRHN-UHFFFAOYSA-N C4H10O QNCSIOQOWBORKW-UHFFFAOYSA-N C2H3O
BTANRVKWQNVYAZ-SCSAIBSYSA-N C4H10O TUCNEACPLKLKNU-UHFFFAOYSA-N C2H3O
DKGAVHZHDRPRBM-UHFFFAOYSA-N C4H10O DCQVFLDXBPQJHX-UHFFFAOYSA-N C2H4O
BTANRVKWQNVYAZ-BYPYZUCNSA-N C4H10O JVKQHDUTAFISFX-UHFFFAOYSA-N C2H4O
NBBJYMSMWIIQGU-UHFFFAOYSA-N C3H6O ODVIVHCWPDKHAQ-UHFFFAOYSA-N C2H4O
ZTQSAGDEMFDKMZ-UHFFFAOYSA-N C4H8O VILAVOFMIJHSJA-UHFFFAOYSA-N C2O
AMIMRNSIRUDHCM-UHFFFAOYSA-N C4H8O QEJQAPYSVNHDJF-UHFFFAOYSA-N C2HO
RTZKZFJDLAIYFH-UHFFFAOYSA-N C4H10O UBXLAXBUHBLQHZ-UHFFFAOYSA-N C2H2O

VNKYTQGIUYNRMY-UHFFFAOYSA-N C4H10O HVFGPIFTSJJAKK-UHFFFAOYSA-N C2H5O
WDWDWGRYHDPSDS-UHFFFAOYSA-N CH3N GAWIXWVDTYZWAW-UHFFFAOYSA-N C2H5O
BAVYZALUXZFZLV-UHFFFAOYSA-N CH5N UHAMPRMMGCNGCH-UHFFFAOYSA-N C2H3O
MPAYEWNVIPXRDP-UHFFFAOYSA-N C2H5N SIFIIWPGTLBBKL-UHFFFAOYSA-N C2H5O2
NYVSDPNXBIEFPW-UHFFFAOYSA-N C2H5N NIDSBKZSFDQVDP-UHFFFAOYSA-N C2H2O2
QUSNBJAOOMFDIB-UHFFFAOYSA-N C2H7N GXBYUAHVCCRBRG-UHFFFAOYSA-N C2H3O2
ROSDSFDQCJNGOL-UHFFFAOYSA-N C2H7N PJJVOLCMZFXCJL-UHFFFAOYSA-N C2H4O2
WJKYOQDIQYJXSD-UHFFFAOYSA-N C3H7N IGWGBFUBFQGEQP-UHFFFAOYSA-N C2H3O2
FKOYAFITBICFAO-UHFFFAOYSA-N C3H7N QKCFVDWBORTSIN-UHFFFAOYSA-N C2H5O2

OHACMJAMDKRMSW-UHFFFAOYSA-N C3H7N YIDVHFDVPYGGSK-UHFFFAOYSA-N C2H3O2
XDAGXZXKTKRFMT-UHFFFAOYSA-N C3H7N IKFPMWBBLSRQRA-UHFFFAOYSA-N C2HO2
WGYKZJWCGVVSQN-UHFFFAOYSA-N C3H9N LEQAOMBKQFMDFZ-UHFFFAOYSA-N C2H2O2
JJWLVOIRVHMVIS-UHFFFAOYSA-N C3H9N LYCAIKOWRPUZTN-UHFFFAOYSA-N C2H6O2
LIWAQLJGPBVORC-UHFFFAOYSA-N C3H9N ZUQAPLKKNAQJAU-UHFFFAOYSA-N C2H2O2
GETQZCLCWQTVFV-UHFFFAOYSA-N C3H9N MURXBMUMXOJVCR-UHFFFAOYSA-N C2H4O2
UOFFEDRAIFYOBS-UHFFFAOYSA-N C4H9N JMCRDEBJJPRTPV-UHFFFAOYSA-N C2H4O2
MWIRQVRILGQXFA-UHFFFAOYSA-N C4H9N ZDMBQXQILMMBHM-UHFFFAOYSA-N C2HO2
IGPVHWXJXDFSIH-UHFFFAOYSA-N C4H9N WGCNASOHLSPBMP-UHFFFAOYSA-N C2H4O2

MGKTYORWSGVLRD-UHFFFAOYSA-N C4H9N JSBBMMHTNIUVTC-UHFFFAOYSA-N C2H3O2
ARYPXRGDKSAXBV-UHFFFAOYSA-N C4H9N OOSBGBJKELAIIG-UHFFFAOYSA-N C2H3O2
JKHYHXBLSTVHIA-UHFFFAOYSA-N C4H9N WVKOKNQPFFEMSR-UHFFFAOYSA-N C2H2O2
BMMKPGVCTLTADE-UHFFFAOYSA-N C4H9N PDWPSYGKMFHGKP-UHFFFAOYSA-N C2H2O2
GPASKFIFXOCRNP-UHFFFAOYSA-N C4H9N NTLDRJWXTJMITR-UHFFFAOYSA-N C2H4O2
HQABUPZFAYXKJW-UHFFFAOYSA-N C4H11N JRCLCXAVSVCEQC-UHFFFAOYSA-N CHO2
BHRZNVHARXXAHW-SCSAIBSYSA-N C4H11N XEHVFKKSDRMODV-UHFFFAOYSA-N C2H
YBRBMKDOPFTVDT-UHFFFAOYSA-N C4H11N SNVLJLYUUXKWOJ-UHFFFAOYSA-N C2H2
HPNMFZURTQLUMO-UHFFFAOYSA-N C4H11N QUPDWYMUPZLYJZ-UHFFFAOYSA-N C2H5
GVWISOJSERXQBM-UHFFFAOYSA-N C4H11N UUFQTNFCRMXOAE-UHFFFAOYSA-N C2H4
DAZXVJBJRMWXJP-UHFFFAOYSA-N C4H11N ADLIKHXOGUAKPM-UHFFFAOYSA-N C2H3
BHRZNVHARXXAHW-BYPYZUCNSA-N C4H11N LBVWYGNGGJURHQ-UHFFFAOYSA-N C2
DBTDEFJAFBUGPP-UHFFFAOYSA-N CH2S ORGHESHFQPYLAO-UHFFFAOYSA-N C2H3
LSDPWZHWYPCBBB-UHFFFAOYSA-N CH4S MPKDVKDMYXRMIU-UHFFFAOYSA-N CHO2
QJFUMFCCMJJLIE-UHFFFAOYSA-N C2H4S FONOSWYYBCBQGN-UHFFFAOYSA-N C2O2
DNJIEGIFACGWOD-UHFFFAOYSA-N C2H6S NKXMGCUADHKCDW-UHFFFAOYSA-N C3H4

QMMFVYPAHWMCMS-UHFFFAOYSA-N C2H6S NOZVYUMSEIFOSW-UHFFFAOYSA-N C3H3
UXBLKIPIXRLLBH-UHFFFAOYSA-N C3H6S QNVRIHYSUZMSGM-LURJTMIESA-N C6H14O
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Table 5: Elementary reactions for which the transition state is included in the dataset for
GAME-Net-UQ. The same reaction string can represent more than one reaction.

CO −−→ C+O HO −−→ O+H
C2 −−→ C+C CH −−→ C+H
O2 −−→ O+O C2H −−→ CH+C
H2O −−→ HO+H C2O −−→ C2 +O
CHO −−→ C+HO C2H −−→ C2 +H
CO2 −−→ CO+O C2O −−→ CO+C
CHO −−→ CH+O CHO −−→ CO+H
CH2 −−→ CH+H CH4 −−→ CH3 +H
CH3 −−→ CH2 +H CHO2 −−→ CO2 +H
C2O2 −−→ C2O+O C2HO −−→ CO+CH
C2HO −−→ C2O+H CH2O −−→ CH+HO
CH3O −−→ CH3 +O CHO2 −−→ CO+HO
C2O2 −−→ CO+CO C2H3 −−→ CH3 +C
CH2O −−→ CH2 +O C2HO −−→ C2H+O
CH2O −−→ CHO+H C2H2 −−→ CH2 +C
C2HO −−→ CHO+C C2HO −−→ C2 +HO
C2H2 −−→ CH+CH C2H2 −−→ C2H+H
C2H4 −−→ C2H3 +H C2H3 −−→ C2H2 +H
C2H5 −−→ C2H4 +H C2H3 −−→ CH2 +CH
C2H6 −−→ C2H5 +H CH3O −−→ CH2 +HO
C2H4 −−→ CH3 +CH CH4O −−→ CH3 +HO
CH4O −−→ CH3O+H CH3O −−→ CH2O+H
C2H2O −−→ CHO+CH C2H2O −−→ C2H2 +O
C2H4 −−→ CH2 +CH2 C2H3O −−→ C2H3 +O
C2H3O −−→ CH3O+C C2HO2 −−→ C2O2 +H
C2H2O −−→ C2HO+H C2H6 −−→ CH3 +CH3
C2H3O −−→ CO+CH3 C2H5 −−→ CH3 +CH2
C2H2O −−→ C2H+HO C2HO2 −−→ CHO+CO
C2HO2 −−→ C2HO+O C2H2O −−→ CH2O+C
C2H5O −−→ C2H5 +O C2HO2 −−→ C2O+HO
C2H4O −−→ C2H4 +O C2H2O −−→ CO+CH2
C2H3O −−→ C2H2 +HO C2H6O −−→ C2H5O+H
C2H4O −−→ CH3O+CH C2H6O −−→ C2H5 +HO
C2H4O −−→ C2H3O+H C2H4O −−→ C2H3 +HO
C2H3O −−→ CHO+CH2 C2H5O −−→ C2H4O+H
C2H5O −−→ C2H4 +HO C2H3O −−→ CH2O+CH
C2H4O −−→ CHO+CH3 C2H3O −−→ C2H2O+H
C2H4O2 −−→ C2H4O+O C2H5O −−→ CH3O+CH2
C2H5O −−→ CH2O+CH3 C2H3O2 −−→ CH3O+CO
C2H5O2 −−→ C2H5O+O C2H2O2 −−→ C2H2O+O
C2H2O2 −−→ CH2O+CO C2H3O2 −−→ C2H3O+O
C2H2O2 −−→ C2HO+HO C2H2O2 −−→ C2HO2 +H
C2H4O −−→ CH2O+CH2 C2H2O2 −−→ CHO+CHO
C2H3O2 −−→ CH2O+CHO C2H5O2 −−→ C2H4O+HO
C2H5O2 −−→ C2H4O2 +H C2H4O2 −−→ C2H3O2 +H
C2H6O2 −−→ C2H5O+HO C2H3O2 −−→ C2H2O+HO
C2H6O2 −−→ C2H5O2 +H C2H4O2 −−→ CH3O+CHO
C2H3O2 −−→ C2H2O2 +H C2H4O2 −−→ C2H3O+HO
C2H5O2 −−→ CH3O+CH2O C2H4O2 −−→ CH2O+CH2O
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Table 6: Energy footprint of density functional theory (DFT) relaxations used to train GAME-
Net-UQ. Details on the estimations can be found in Supplementary Note 12.

Surface Avg. CPU hours Avg. consumption [kWh]
Ferromagnetic (Fe, Ni, Co) 307.03 2.54
Diamagnetic (all others) 135.86 1.13

Absent (gas) 6.82 0.08

Table 7: Performance metrics on the test set for GAME-Net-UQ. MAE=Mean Absolute Er-
ror. RMSE=Root Mean Squared Error. MDAE=Median Absolute Error. Sha=Sharpness.
Cv=Variation Coefficient. MCA=Miscalibration Area. ρS=Spearman’s rank correlation coeffi-
cient.

Category Metric Unit All Intermediates Transition states

Accuracy
MAE eV 0.211 0.208 0.222
RMSE eV 0.339 0.348 0.301
MDAE eV 0.132 0.123 0.171

Uncertainty
Sha eV 0.229 0.230 0.225
Cv - 0.345 0.375 0.178

Calibration
MCA % 1.25 1.29 1.79
ρS - 0.818 0.781 0.974

n - - 2460 1982 478

Table 8: Ablation study on GAME-Net-UQ (Supplementary Note 7) analyzing the effect
on the test set (n=2460) of TAG convolution, generalized coordination number (gCN), and
2-hop nearest surface neighbours (2-hop). Values are reported in [eV] as mean ± standard
deviation across 5 runs. For each metric, the best (lowest) value is reported in bold, while
the worst (highest) after removing only one feature is reported in red. TS=Transition State.
MAE=Mean Absolute Error. Sha=Sharpness.

Features All Intermediates Transition States
TAG gCN 2-hop MAE Sha MAE Sha MAE Sha
✓ ✓ ✓ 0.20±0.00 0.25±0.01 0.19±0.01 0.25±0.01 0.23±0.00 0.25±0.02
✓ ✓ × 0.27±0.09 0.58±0.67 0.26±0.09 0.60±0.75 0.31±0.06 0.39±0.21
× ✓ ✓ 0.28±0.01 0.45±0.02 0.24±0.01 0.41±0.02 0.46±0.02 0.60±0.02
✓ × ✓ 0.24±0.02 0.29±0.03 0.24±0.02 0.28±0.03 0.28±0.02 0.30±0.03
✓ × × 0.26±0.05 0.40±0.26 0.25±0.05 0.42±0.29 0.28±0.04 0.30±0.07
× ✓ × 0.27±0.00 0.37±0.02 0.22±0.00 0.29±0.02 0.48±0.01 0.60±0.04
× × ✓ 0.36±0.03 0.46±0.03 0.32±0.03 0.44±0.04 0.55±0.03 0.52±0.02
× × × 0.31±0.02 0.38±0.03 0.27±0.02 0.36±0.05 0.50±0.01 0.45±0.02

Table 9: Energy evaluators in CARE. The definition of the energy targets can be found in
Eqs. 5. MLIP=Machine Learning Interatomic Potential.

Family Type Elements Target # models Repo version
GAME-Net-UQ Direct 19 Ẽads 1 0.1.0
MACE [22] MLIP 89 Etot 9 0.3.12

Fairchem-v1 [23] MLIP 56 Eads 67 1.4.0
Orb-v2 [24] MLIP 89 Etot 5 0.4.2

PET-MAD [25] MLIP 85 Etot 4 1.4.3
SevenNet [26] MLIP 89 Etot 5 0.11.2
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Table 10: Reaction (∆E) and activation (Eact) energies in [eV] obtained with DFT, GAME-
Net-UQ, EquiformerV2-31M and MACE-MP-0 (large), for a subset of reactions in the methanol
decomposition network. DFT data come from Supplementary Table 6 of Ref. [2]. Corresponding
parity plots can be found in Supplementary Figure 18.

∆E Eact

Surface Reaction DFT GAME-Net Equiformer MACE DFT GAME-Net Equiformer MACE

Cu(111)

CH* + * −−→ H* + C* 1.20 1.72 1.42 2.35 1.87 2.10 2.22 2.94
CH2* + * −−→ CH* + H* 0.38 0.74 0.49 0.85 0.94 1.51 1.07 1.15
CH2O* + * −−→ CH* + HO* -0.22 0.30 0.15 -0.01 0.40 0.81 1.26 10.57
CH2O* + * −−→ CHO* + H* 0.08 0.44 0.26 0.70 0.79 1.08 9.32 1.43
CH2O* + * −−→ H* + CHO* 0.23 0.43 0.45 0.44 0.72 0.63 11.15 1.21
CH2O* + * −−→ H* + CHO* -0.18 0.14 -0.13 -0.14 0.76 1.06 0.82 0.97
CH2O* + * −−→ O* + CH2* 0.40 1.14 0.88 0.59 1.35 1.61 12.40 1.34
CH3* + * −−→ H* + CH2* 0.75 0.99 0.96 0.83 1.33 1.32 1.53 1.19
CH3O* + * −−→ H* + CH2O* 0.41 0.72 0.57 0.46 1.18 0.79 1.21 1.46
CH3O* + * −−→ H* + CH2O* -0.01 0.43 -0.00 -0.12 0.92 1.10 1.07 2.22
CH3O* + * −−→ HO* + CH2* -0.19 0.28 0.23 -0.40 1.06 1.02 1.44 1.11
CH3O* + * −−→ O* + CH3* 0.54 1.15 0.69 0.13 1.80 1.58 23.09 3.53
CH4* + * −−→ H* + CH3* 0.64 1.19 1.10 0.22 1.58 1.48 3.22 4.77
CH4O* + * −−→ CH3O* + H* -0.10 0.41 0.34 -0.05 1.20 0.81 6.72 20.13
CH4O* + * −−→ H* + CH3O* 0.80 0.98 1.12 0.46 1.33 1.12 12.27 5.22
CH4O* + * −−→ HO* + CH3* -0.14 0.27 0.39 -0.78 1.91 1.52 2.42 1.33
CHO* + * −−→ CH* + O* 0.90 1.44 0.92 1.00 2.18 1.44 1.98 1.98
CHO* + * −−→ CO* + H* -0.89 -0.52 -0.78 -0.01 0.24 0.40 0.39 0.50
CHO* + * −−→ CO* + H* -1.15 -0.82 -1.18 -0.86 1.35 1.00 1.48 0.94
CHO* + * −−→ HO* + C* 0.55 1.57 1.30 1.64 1.52 1.57 2.62 2.79
CO* + * −−→ O* + C* 2.63 3.68 3.12 3.36 3.71 3.68 4.33 23.73

Pd(111)

CH* + * −−→ H* + C* 0.18 0.81 0.45 0.21 1.61 0.89 1.62 1.03
CH2* + * −−→ CH* + H* -0.82 0.05 -0.36 0.22 0.34 0.64 0.42 0.50
CH2O* + * −−→ CH* + HO* -0.01 -0.12 0.39 0.87 1.24 1.24 1.34 2.39
CH2O* + * −−→ CHO* + H* -0.91 -0.66 -0.52 0.32 0.47 0.55 1.35 1.37
CH2O* + * −−→ H* + CHO* -0.96 -0.19 -0.49 -0.47 0.37 0.67 0.37 0.47
CH2O* + * −−→ H* + CHO* -0.48 0.02 -0.14 -0.46 0.77 0.61 0.37 0.91
CH2O* + * −−→ O* + CH2* 0.05 0.55 0.56 0.72 1.71 2.28 2.05 1.72
CH3* + * −−→ H* + CH2* -0.20 0.43 0.27 0.31 0.74 1.15 1.03 0.75
CH3O* + * −−→ H* + CH2O* -0.54 -0.05 -0.10 -0.01 0.64 0.61 0.95 0.76
CH3O* + * −−→ H* + CH2O* -0.07 0.16 0.25 0.01 0.81 0.61 0.98 1.80
CH3O* + * −−→ HO* + CH2* 0.27 -0.22 0.65 0.64 1.44 1.25 1.69 1.54
CH3O* + * −−→ O* + CH3* -0.49 0.45 0.07 -0.22 1.13 1.67 10.90 0.91
CH4* + * −−→ H* + CH3* -0.11 0.15 0.48 0.01 0.63 1.06 3.94 3.71
CH4O* + * −−→ CH3O* + H* 0.35 0.28 0.54 0.25 0.95 0.74 1.80 13.56
CH4O* + * −−→ H* + CH3O* -0.33 0.46 0.08 -0.38 0.64 1.14 3.53 2.29
CH4O* + * −−→ HO* + CH3* 0.14 -0.20 0.46 -0.05 1.75 1.60 2.63 1.33
CHO* + * −−→ CH* + O* 0.19 0.79 0.69 1.41 2.54 2.08 20.27 2.38
CHO* + * −−→ CO* + H* -1.45 -1.34 -1.24 -0.62 0.33 0.50 5.47 0.23
CHO* + * −−→ CO* + H* -1.03 -0.66 -0.86 -1.40 1.00 0.56 0.93 0.85
CHO* + * −−→ HO* + C* 1.08 1.34 1.36 0.76 2.11 1.34 2.41 1.95
CO* + * −−→ O* + C* 1.82 2.93 2.38 2.24 3.72 2.93 4.01 4.39

Pt(111)

CH* + * −−→ H* + C* 0.47 0.77 0.84 1.32 1.77 0.85 1.51 1.51
CH2* + * −−→ CH* + H* -0.67 -0.36 -0.29 0.04 0.44 0.59 5.51 7.42
CH2O* + * −−→ CH* + HO* 0.30 0.15 0.42 0.49 1.34 1.46 2.01 8.82
CH2O* + * −−→ CHO* + H* -0.62 -0.92 -0.18 0.31 0.82 0.46 0.80 1.23
CH2O* + * −−→ H* + CHO* -0.75 -0.37 -0.55 -0.18 0.39 0.80 0.24 0.80
CH2O* + * −−→ H* + CHO* -0.06 0.05 0.14 0.11 0.45 0.54 0.33 0.70
CH2O* + * −−→ O* + CH2* 0.18 0.58 0.29 0.25 1.84 2.38 2.25 1.91
CH3* + * −−→ H* + CH2* 0.06 0.50 0.39 0.12 0.97 0.90 1.12 1.00
CH3O* + * −−→ H* + CH2O* -0.29 -0.28 0.03 0.17 0.73 0.55 1.10 0.91
CH3O* + * −−→ H* + CH2O* 0.40 0.14 0.71 0.46 0.94 0.63 1.06 1.77
CH3O* + * −−→ HO* + CH2* 0.68 0.22 0.73 0.62 1.63 1.58 1.49 6.63
CH3O* + * −−→ O* + CH3* -0.34 0.16 -0.15 -0.37 1.81 2.08 2.17 1.88
CH4* + * −−→ H* + CH3* -0.18 0.14 0.24 0.10 0.75 1.53 4.80 3.37
CH4O* + * −−→ CH3O* + H* 0.50 0.43 0.61 0.62 0.87 0.81 3.07 17.93
CH4O* + * −−→ H* + CH3O* -0.35 0.37 -0.15 -0.34 0.81 1.26 3.66 9.50
CH4O* + * −−→ HO* + CH3* 0.26 0.10 0.19 0.15 1.94 1.70 2.90 1.08
CHO* + * −−→ CH* + O* 0.27 0.59 0.55 0.47 2.81 2.20 2.40 5.86
CHO* + * −−→ CO* + H* -1.06 -1.59 -0.63 -0.43 0.43 0.64 0.86 0.32
CHO* + * −−→ CO* + H* -0.49 -0.62 -0.31 -0.63 1.23 0.55 0.98 0.76
CHO* + * −−→ HO* + C* 1.40 1.84 1.44 1.50 2.37 1.84 2.23 1.79
CO* + * −−→ O* + C* 1.79 2.95 2.02 2.22 4.33 3.09 4.71 3.32

Ru(0001)

CH* + * −−→ H* + C* 0.04 0.66 -0.46 1.19 0.82 0.82 1.04 1.69
CH2* + * −−→ CH* + H* -0.53 -0.34 -1.37 -0.26 0.07 0.54 0.04 0.42
CH2O* + * −−→ CH* + HO* -1.17 -0.59 -1.73 -0.14 0.46 0.96 0.56 2.30
CH2O* + * −−→ CHO* + H* -0.95 -0.99 -1.61 -0.61 0.14 0.45 1.09 0.36
CH2O* + * −−→ H* + CHO* -0.65 -0.26 -1.20 -0.36 0.22 0.61 1.14 16.38
CH2O* + * −−→ H* + CHO* -0.80 -0.39 -1.31 -0.06 0.61 0.84 0.50 2.53
CH2O* + * −−→ O* + CH2* -1.25 -0.45 -1.74 0.07 0.83 0.72 0.97 1.63
CH3* + * −−→ H* + CH2* -0.24 0.20 -0.86 0.03 0.48 0.83 0.52 0.61
CH3O* + * −−→ H* + CH2O* -0.24 -0.29 -1.10 -0.44 0.33 0.53 0.33 0.43
CH3O* + * −−→ H* + CH2O* -0.30 -0.42 -1.21 -0.14 0.51 0.92 0.78 0.35
CH3O* + * −−→ HO* + CH2* -0.88 -0.54 -1.45 -0.31 0.77 1.01 0.75 0.64
CH3O* + * −−→ O* + CH3* -1.01 -0.20 -1.48 -0.47 1.64 1.08 4.79 1.12
CH4* + * −−→ H* + CH3* -0.43 -0.11 -1.38 -0.46 0.72 1.04 7.48 1.53
CH4O* + * −−→ CH3O* + H* -0.61 -0.43 -1.21 0.17 0.83 0.74 3.61 0.93
CH4O* + * −−→ H* + CH3O* -0.22 0.44 -0.59 -0.21 0.64 1.31 7.40 1.31
CH4O* + * −−→ HO* + CH3* -0.86 -0.30 -1.18 -0.55 1.77 1.44 4.16 2.67
CHO* + * −−→ CH* + O* -0.19 -0.53 -1.92 0.17 1.20 1.54 1.00 1.44
CHO* + * −−→ CO* + H* -0.81 -1.16 -1.90 -1.03 0.10 0.54 0.39 0.08
CHO* + * −−→ CO* + H* -0.66 -0.56 -1.60 -0.47 0.96 0.75 1.23 0.97
CHO* + * −−→ HO* + C* -1.13 1.06 -0.58 1.67 1.11 1.06 2.11 3.06
CO* + * −−→ O* + C* -0.29 1.29 -0.48 2.39 1.95 1.84 2.66 4.09
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Table 11: Experimental data from CatTestHub [27] under the same operating condi-
tions: Support=Carbon, T=473 [K], PTotal=102.73 [kPa], Inlet PMeOH=10.27 [kPa], Inlet
inert molar fraction=90.01 [%], Inlet MeOH molar fraction=9.99 [%]. wl=weight loading
[%] MW=Molecular Weight [g mol−1], D=Dispersion [%], STYCO=Space Time Yield [molCO
mol−1metal h

−1], SCO=Selectivity CO [%].

Metal wl MW D STYCO SCO

Ag 5 107.87 11.1 0.32 57
Au 5 196.97 2.7 3.85 64
Cu 5 63.55 2.9 0.54 48
Ir 1 192.22 15.1 92.39 78
Ni 5 58.69 0.2 45.96 93
Pd 5 106.42 11.5 18.30 97
Pt 5 195.08 28.5 43.84 97
Rh 5 102.91 59.7 5.19 95
Ru 5 101.07 21.0 73.43 96

Table 12: Settings and performance metrics for the comparison between GAME-Net-UQ,
EquiformerV2-31M [21], and MACE-MP-0 [22] for evaluating the networks for the MeOH case
study. “Configurations” refer to the number of screened configurations for the same adsor-
bate/surface pair. fmax=Force threshold for relaxation stopping criterion; nsteps=Maximum
number of relaxation steps. TS=Transition State; CI-NEB=Climbing Image-Nudged Elas-
tic Band; UQ=Uncertainty Quantification; MAE=Mean Absolute Error. RMSE=Root Mean
Squared Error. n = 9. Target of the benchmark for which MAE and RMSE are computed is
the experimental CO logarithmic space-time yield (STY) from CatTestHub [27]. Total time
refers to time required to evaluate the energies of all 63 CRNs included in the MeOH case study.
Total time distribution and predictions from microkinetic simulations for the studied metals
are depicted in Supplementary Figures 19-20.

GAME-Net-UQ EquiformerV2 MACE-MP-0
Method Direct Relaxation Relaxation

Configurations 3 3 3
fmax [eV/Å] - 0.05 0.05

nsteps - 250 250
Model size 0.5M 31M 15.8M

dtype float32 float32 float32
TS evaluation Direct CI-NEB CI-NEB
NEB images - 5 5
NEB steps - 50 50

UQ ✓ × ×
MAElog(STY) 11.05 57.5 32.3
RMSElog(STY) 14.41 63.0 35.9

Total GPU time [h] 0.78 158.9 273.7
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Table 13: Predicted CO adsorption energy and formation rates, the most abundant surface
intermediate (MASI) and its coverage θ for the different metal catalysts and models employed
in the MeOH decomposition case study (Supplementary Note 10). Energies are in [eV],
rates in [molec s-1 active site-1], and coverages are unitless.

Metal hkl Area [%] GAME-Net-UQ (0.5M) EquiformerV2-31M MACE-MP-0 (15.8M)

ECO
ads rCO MASI (θ) ECO

ads rCO MASI (θ) ECO
ads rCO MASI (θ)

Ag

100 18 +0.39 3.35e-24 CH4O* (1.00) -0.14 4.72e-61 CH4O* (1.00) -1.04 5.31e-24 CH3O* (1.00)
110 2 +0.52 1.02e-25 CH4O* (1.00) -0.21 4.49e-18 * (0.73) -1.17 1.71e-17 CH* (0.98)
111 8 +0.28 1.58e-24 CH4O* (1.00) -0.04 1.16e-75 CH3O* (1.00) -0.96 2.63e-20 CH* (1.00)
322 62 -0.31 1.46e-26 CH4O* (1.00) -0.18 4.34e-21 * (1.00) -1.16 3.35e-11 * (0.99)
332 10 -0.76 6.34e-21 CH4O* (1.00) -0.13 2.69e-14 * (0.93) -1.19 1.22e-13 CH* (0.63)

Au

100 9 +0.08 4.94e-15 CH4O* (1.00) -0.28 8.22e-57 CH3O* (1.00) -1.38 2.53e-25 CH4O* (0.48)
111 24 +0.04 4.42e-08 CH4O* (1.00) -0.13 6.63e-58 CH3O* (0.97) -1.18 7.12e-16 CH* (1.00)
322 46 -0.20 3.61e-16 CH4O* (1.00) -0.47 1.57e-71 CH3O* (1.00) -1.54 6.47e-23 CH3O* (0.98)
332 21 -0.23 4.07e-17 CH4O* (1.00) -0.53 1.81e-69 CH3O* (1.00) -1.13 9.83e-28 CH* (1.00)

Cu

100 19 -0.36 4.19e-14 CH4O* (1.00) -0.56 7.38e-57 CH4O* (0.98) -1.80 1.69e-23 CH* (1.00)
111 45 -0.42 2.74e-11 CH4O* (0.95) -0.53 2.64e-37 CH4O* (0.95) -1.43 3.85e-22 CH* (1.00)
210 3 -0.13 5.11e-15 CH4O* (1.00) -0.82 6.10e-59 CH4O* (1.00) -1.70 3.47e-29 CH* (1.00)
221 6 -0.59 1.96e-09 CH3O* (0.71) -0.61 1.92e-40 CH4O* (1.00) -1.57 6.98e-24 CH3* (1.00)
310 1 -0.51 1.37e-11 CH4O* (0.99) -0.79 2.76e-51 CH4O* (1.00) -1.76 8.29e-35 CH4O* (0.96)
311 10 -0.49 1.18e-10 CH4O* (0.94) -0.76 1.82e-35 CH4O* (1.00) -1.52 2.47e-23 CH* (1.00)
322 5 -0.42 9.60e-19 CH4O* (0.80) -0.71 5.03e-36 CH4* (0.83) -1.47 2.23e-16 CH3* (0.84)
331 6 -0.79 4.91e-09 CH4O* (0.96) -0.78 5.45e-22 * (1.00) -1.60 4.37e-27 HO* (1.00)
332 5 -1.01 1.59e-09 CH2O* (0.95) -0.67 4.85e-35 CH4O* (1.00) -1.47 1.20e-17 CH* (1.00)

Ir

100 8 -1.60 9.94e-18 CH* (0.50) -1.73 4.12e-35 CH4O* (0.54) -2.31 1.86e-13 CH3* (0.94)
111 36 -1.43 1.25e-11 CO* (0.94) -1.78 5.06e-42 CH4* (0.72) -1.83 3.56e-21 CH4O* (0.52)
211 5 -1.13 1.72e-08 CO* (0.84) -2.19 2.74e-43 CH4O* (0.98) -1.74 1.10e-15 CH2* (0.66)
221 10 -1.11 3.13e-08 CO* (1.00) -2.12 4.39e-27 CH4* (0.83) -2.30 5.01e-27 CH* (0.94)
311 6 -1.06 9.81e-08 CO* (0.80) -2.14 3.37e-25 C* (0.99) -2.28 2.13e-16 CH2* (1.00)
322 16 -1.02 3.12e-07 CO* (0.99) -2.16 7.74e-53 CH4* (0.84) -2.56 8.78e-26 CH2* (0.91)
332 19 -1.13 2.08e-08 CO* (1.00) -2.13 8.84e-37 CH4O* (1.00) -2.31 3.73e-35 CH2* (1.00)

Ni

100 19 -1.31 2.77e-22 CH3* (1.00) -1.72 9.72e-47 CH4O* (1.00) -0.28 1.22e-17 CH3O* (1.00)
110 1 -1.25 5.51e-23 CH3* (1.00) -1.83 1.72e-50 CH4O* (1.00) -0.51 3.05e-15 CH4O* (1.00)
111 60 -1.26 2.44e-13 CH3O* (0.95) -1.79 3.34e-47 CH4O* (0.90) -0.32 7.42e-22 CH4O* (0.66)
210 1 -0.85 1.19e-07 CH4O* (0.93) -1.76 5.13e-45 CH4O* (1.00) -0.40 3.32e-17 CH4O* (0.71)
311 4 -1.03 1.41e-07 CO* (0.55) -1.86 1.35e-46 CH4O* (1.00) -0.49 1.23e-16 CH3O* (0.53)
322 6 -1.51 2.08e-17 CH4O* (0.86) -1.77 1.03e-32 CH4* (0.59) -0.26 2.71e-18 CH* (0.99)
331 5 -1.22 1.02e-10 CH4O* (0.95) -1.78 3.41e-25 C* (1.00) -0.36 2.86e-18 CH4O* (1.00)
332 4 -1.49 2.93e-12 CO* (0.99) -1.71 5.93e-50 CH4O* (1.00) -0.18 1.68e+00 CH2* (0.57)

Pd

100 16 -1.36 7.00e-11 CO* (0.93) -1.68 7.79e-45 CH4* (0.56) -2.08 3.44e-28 CH3* (0.65)
111 39 -1.33 1.56e-10 CO* (0.99) -1.63 3.44e-34 CH4O* (1.00) -1.93 3.13e-25 CH3* (0.98)
210 3 -0.90 1.42e-10 CH4O* (0.98) -1.62 6.45e-42 CH4O* (1.00) -2.23 1.87e-43 CH4O* (1.00)
221 5 -1.11 1.69e-08 CO* (0.54) -1.62 1.24e-33 CH4O* (1.00) -2.15 1.30e-29 CH3* (0.76)
311 7 -1.02 3.21e-07 CO* (0.98) -1.69 2.57e-35 CH4O* (0.50) -2.16 2.93e-31 CH2* (0.94)
322 20 -0.96 7.38e-07 CO* (0.53) -1.59 4.93e-36 CH4* (0.61) -2.19 3.04e-33 C* (1.00)
331 10 -1.22 2.57e-09 CO* (1.00) -1.65 1.32e-38 CH4O* (1.00) -2.22 3.60e-33 C* (1.00)

Pt

100 5 -1.51 1.63e-12 CO* (0.95) -1.85 5.19e-22 * (1.00) -2.32 8.10e-27 CH* (0.87)
110 5 -1.55 6.07e-13 CO* (0.92) -1.93 3.03e-43 CH4O* (0.83) -2.37 1.23e-32 CH* (0.89)
111 27 -1.37 5.42e-11 CO* (0.93) -1.44 8.57e-30 CH4O* (1.00) -1.87 2.93e-27 * (0.86)
221 18 -1.12 6.82e-10 CH4O* (0.97) -1.82 2.51e-45 CH4* (0.83) -2.28 1.74e-28 CH4O* (0.63)
311 9 -1.02 2.29e-07 CO* (0.73) -1.88 2.44e-23 CH* (0.51) -2.05 5.54e-22 CH* (0.95)
322 25 -0.96 1.15e-06 CO* (0.85) -1.87 2.88e-44 CH4* (0.83) -2.30 9.23e-39 CH4O* (0.78)
332 11 -0.96 1.27e-06 CO* (0.99) -1.81 5.96e-37 CH4O* (1.00) -2.30 3.05e-29 CH4O* (0.88)

Rh

100 14 -1.35 3.93e-11 CH3* (0.56) -1.79 1.86e-38 CH4O* (1.00) -2.29 3.45e-28 CH2* (1.00)
110 5 -1.05 6.80e-09 CH4O* (0.89) -1.76 9.89e-36 CH4O* (1.00) -2.33 6.44e-22 CH2* (0.77)
111 59 -1.44 1.02e-11 CO* (0.99) -1.68 5.00e-33 CH4* (0.75) -2.09 6.37e-30 CH3* (0.97)
211 4 -1.09 5.35e-08 CO* (0.85) -1.75 1.62e-48 CH4* (1.00) -2.42 6.13e-26 CHO* (0.94)
221 8 -1.13 4.30e-09 CH4O* (0.40) -1.76 5.46e-27 CH4O* (0.65) -2.33 4.46e-33 CH3* (0.52)
310 1 -0.38 2.01e-03 CH4O* (0.96) -1.81 3.92e-42 CH4O* (1.00) -2.46 1.48e-22 CO* (0.99)
311 7 -1.06 8.54e-08 CO* (0.74) -1.81 1.77e-41 CH4O* (1.00) -2.38 2.16e-22 CH3O2* (0.55)
322 2 -1.00 1.35e-07 CH3O* (0.53) -1.84 7.81e-39 CH4* (0.85) -2.39 1.13e-25 CH2* (0.51)

Ru

101̄0 21 -1.27 2.77e-10 CH3O* (0.58) -2.18 2.73e-45 CH4O* (1.00) -2.29 1.22e-25 CHO* (1.00)
101̄1 43 -1.29 1.23e-11 CH3O* (0.97) -2.08 3.12e-41 CH4* (0.77) -2.39 2.43e-27 CH* (1.00)
101̄2 10 -0.84 2.54e-05 CO* (0.98) -1.99 1.39e-34 CH3O* (0.97) -2.49 2.08e-26 CH3* (0.82)
112̄1 1.34 -0.67 8.79e-07 CH4O* (0.95) -1.77 6.36e-33 C* (1.00) -2.35 4.83e-29 CH* (0.99)
213̄1 1.33 -1.10 4.55e-08 CO* (1.00) -1.84 1.62e-47 CH4O* (0.99) -2.47 1.70e-38 CH2* (1.00)
213̄2 1.33 -0.96 5.34e-07 CO* (0.39) -1.75 6.82e-44 CH4O* (1.00) -2.37 2.38e-29 CH* (1.00)
21̄1̄2 6 -0.75 2.89e-06 CH4O* (0.74) -1.74 5.17e-29 C* (1.00) -2.34 5.67e-29 CH2* (0.99)
0001 16 -1.37 3.35e-12 CH3O* (0.44) -1.98 4.06e-30 CH3* (0.97) -2.36 3.75e-28 CH3* (0.94)
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Table 14: Statistics on the success rate of GAME-Net-UQ in predicting valid transition state
(TS) energies higher than the initial (IS) and final (FS) state energies ETS > (EIS, EFS) for the
36580 surface reactions in the Fischer-Tropsch reaction networks used to run the microkinetic
simulations. All reactions are considered in the bond-breaking direction.

Co(0001) Fe(110) Ni(111) Ru(0001) Total
n 36580 36580 36580 36580 146320
Valid TS 24524 31095 32160 33736 121515
Invalid TS 12056 5485 4420 2844 24805
Invalid TS (∆E < 0) 3573 513 304 113 4503
Invalid TS (∆E > 0) 8483 4972 4116 2731 20302
Success rate [%] 67.04 85.01 87.92 92.23 83.05
Failure rate [%] 32.96 14.99 12.08 7.77 16.95

Table 15: Top-3 intermediates by surface coverage θ obtained from the kinetic simulations of
the Fischer-Tropsch process at T = 523 K, P = 10 bar and H2/CO=2.

Surface Rank Species θ [-]

Co(0001)
1 H 0.655
2 CO 0.341
3 CH3O 0.003

Fe(110)
1 H 0.676
2 CH3O 0.302
3 CO 0.015

Ni(111)
1 CO 0.988
2 H 0.009
3 CHO 0.001

Ru(0001)
1 CHO 0.892
2 CO 0.102
3 C2H3O 0.004
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Table 16: Top-10 gas products by formation rate obtained from the kinetic simulations of the
Fischer-Tropsch process at T = 523 K, P = 10 bar and H2/CO=2.

Surface Rank Formula Formation Rate [s−1]

Co(0001)

1 CH4O 1.271×10−6

2 CH2O 7.179×10−11

3 H2O 2.618×10−12

4 C2H6O 2.617×10−12

5 C2H4O 6.926×10−16

6 C2H4O 1.918×10−16

7 CH4 7.345×10−18

8 C6H14O 1.271×10−19

9 C3H8O 1.276×10−20

10 C6H12O 1.115×10−20

Fe(110)

1 CH4O 2.893×10−6

2 H2O 2.411×10−9

3 C2H6O 2.280×10−9

4 CH2O 1.302×10−12

5 CO2 5.957×10−13

6 C2H4O 2.902×10−14

7 C2H4O 3.966×10−15

8 C3H8O 2.669×10−15

9 CH4 2.064×10−18

10 C2H2O 5.888×10−19

Ni(111)

1 CH4O 4.071×10−12

2 CH2O 3.612×10−15

3 H2O 8.396×10−17

4 C2H6O 7.410×10−17

5 C2H2O 2.364×10−19

6 C2H4O 4.500×10−20

7 C2H4O 8.305×10−21

8 CO2 8.224×10−21

9 C3H6O 7.139×10−23

10 C2H4 4.720×10−23

Ru(0001)

1 CH4O 9.568×10−13

2 H2O 1.519×10−15

3 C2H6O 2.376×10−16

4 CH2O 1.791×10−16

5 C3H8O 5.222×10−17

6 CO2 6.125×10−19

7 C2H4O 2.414×10−19

8 C2H4O 4.744×10−20

9 C4H10O 4.471×10−21

10 C3H6O 4.033×10−21
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Table 17: Top-3 C-C forming reactions by net rate obtained from the kinetic simulations of
the Fischer-Tropsch process for Co(0001) and Fe(110) at T = 523 K, P = 10 bar and H2/CO=2.

Surface Type Rank Reaction Rate [s−1]

Co(0001)

C2

1 CH2* + CH3O* −−→ C2H5O* + * 2.601×10−12

2 CH2* + CHO* −−→ C2H3O* + * 1.449×10−14

3 CH2* + CHO* −−→ C2H3O* + * 1.761×10−15

C3

1 C2HO* + CH2* −−→ C3H3O* + * 3.703×10−21

2 C2H3* + CH3O* −−→ C3H6O* + * 4.746×10−22

3 C2H3O* + CH* −−→ C3H4O* + * 3.048×10−22

C4

1 C3H3* + CH3O* −−→ C4H6O* + * 5.293×10−22

2 C3H3* + CHO* −−→ C4H4O* + * 2.133×10−22

3 C3H4* + CH3O* −−→ C4H7O* + * 1.482×10−22

C5

1 C2H5O* + C3H6* −−→ C5H11O* + * 1.130×10−21

2 C2H5O* + C3H5* −−→ C5H10O* + * 9.602×10−22

3 C2H3O* + C3H2* −−→ C5H5O* + * 6.386×10−22

C6

1 C2H3O* + C4H6* −−→ C6H9O* + * 7.006×10−21

2 C5H7O* + CH2* −−→ C6H9O* + * 8.699×10−22

3 C5H8O* + CH2* −−→ C6H10O* + * 5.918×10−22

Fe(110)

C2

1 CH2* + CHO* −−→ C2H3O* + * 2.277×10−9

2 CH2* + CH2O* −−→ C2H4O* + * 1.189×10−10

3 C* + CH3O* −−→ C2H3O* + * 1.133×10−11

C3

1 C2H3* + CH2O* −−→ C3H5O* + * 7.568×10−14

2 C2H3* + CH3O* −−→ C3H6O* + * 5.189×10−14

3 C2H4* + CHO* −−→ C3H5O* + * 3.461×10−14

C4

1 C2H3O* + C2H4* −−→ C4H7O* + * 5.398×10−17

2 C3H4* + CO* −−→ C4H4O* + * 6.473×10−20

3 C3H5* + CO* −−→ C4H5O* + * 8.987×10−21

C5

1 C2H4* + C3H7O* −−→ C5H11O* + * 1.191×10−17

2 C2H4* + C3H7O* −−→ C5H11O* + * 4.420×10−19

3 C2H4* + C3H6O* −−→ C5H10O* + * 8.807×10−21

C6

1 C3H4* + C3H6O* −−→ C6H10O* + * 3.495×10−18

2 C2H4* + C4H8O* −−→ C6H12O* + * 7.283×10−19

3 C3H5* + C3H6O* −−→ C6H11O* + * 6.560×10−19
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Table 18: Top-3 C-C forming reactions by net rate obtained from the kinetic simulations of the
Fischer-Tropsch process for Ni(111) and Ru(0001) at T = 523 K, P = 10 bar and H2/CO=2.

Surface Type Rank Reaction Rate [s−1]

Ni(111)

C2

1 C* + CHO* −−→ C2HO* + * 8.088×10−17

2 C* + CHO* −−→ C2HO* + * 2.231×10−18

3 C* + CH2O* −−→ C2H2O* + * 3.858×10−19

C3

1 C2H4* + CH2O* −−→ C3H6O* + * 2.341×10−21

2 C2H2* + CO* −−→ C3H2O* + * 1.470×10−21

3 C2H4* + CHO* −−→ C3H5O* + * 7.096×10−22

C4

1 C3H3* + CHO* −−→ C4H4O* + * 8.498×10−27

2 C3H4* + CHO* −−→ C4H5O* + * 4.387×10−27

3 C3H4* + CHO* −−→ C4H5O* + * 2.323×10−27

C5

1 C* + C4H8O* −−→ C5H8O* + * 1.335×10−25

2 C* + C4H6O* −−→ C5H6O* + * 1.458×10−28

3 C4H6* + CHO* −−→ C5H7O* + * 1.128×10−29

C6

1 C5H7O* + CH3* −−→ C6H10O* + * 2.374×10−23

2 C2H2* + C4H8O* −−→ C6H10O* + * 2.886×10−24

3 C5H7O* + CH3* −−→ C6H10O* + * 2.486×10−24

Ru(0001)

C2

1 C* + CH3O* −−→ C2H3O* + * 9.507×10−16

2 C* + CH2O* −−→ C2H2O* + * 3.412×10−16

3 C* + CHO* −−→ C2HO* + * 4.529×10−18

C3

1 C* + C2H5O* −−→ C3H5O* + * 2.076×10−16

2 C2H2* + CH3O* −−→ C3H5O* + * 1.007×10−17

3 C2H2* + CO* −−→ C3H2O* + * 3.150×10−18

C4

1 C3H4* + CHO* −−→ C4H5O* + * 4.032×10−19

2 C3H4* + CH2O* −−→ C4H6O* + * 2.292×10−19

3 C3H4* + CH3O* −−→ C4H7O* + * 1.568×10−19

C5

1 C* + C4H8O* −−→ C5H8O* + * 2.191×10−22

2 C* + C4H8O* −−→ C5H8O* + * 9.859×10−23

3 C2H5O* + C3H4* −−→ C5H9O* + * 4.479×10−23

C6

1 C3H4* + C3H7O* −−→ C6H11O* + * 5.275×10−21

2 C3H4* + C3H5O* −−→ C6H9O* + * 1.304×10−21

3 C2H2* + C4H8O* −−→ C6H10O* + * 1.537×10−22
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Table 19: Overlap between transition states seen by GAME-Net-UQ in the training dataset
and those present in the reaction networks discussed in this work. Note that in all cases the
transition states in the CRNs are directly predicted by GAME-Net-UQ.

Application Metal hkl Transition states in
training data

Dissociation
steps Overlap [%]

111 16 50 32
322 0 50 0

Ag 332 0 50 0
100 0 50 0
110 0 50 0
111 12 50 24

Au 322 0 50 0
332 0 50 0
100 0 50 0
111 17 50 34
322 0 50 0
332 0 50 0
100 0 50 0

Cu 211 0 50 0
331 0 50 0
311 0 50 0
310 0 50 0
110 0 50 0
111 14 50 28
322 0 50 0
332 0 50 0

Ir 221 0 50 0
211 0 50 0
311 0 50 0
111 14 50 28
322 0 50 0
332 0 50 0

Ni 100 0 50 0
331 0 50 0
110 0 50 0
311 0 50 0

MeOH 210 0 50 0
decomposition 111 16 50 32

322 0 50 0
221 0 50 0

Pd 331 0 50 0
100 0 50 0
311 0 50 0
110 0 50 0
111 18 50 36
322 0 50 0
332 0 50 0

Pt 221 0 50 0
100 0 50 0
110 0 50 0
311 0 50 0
111 18 50 36
322 0 50 0
221 0 50 0

Rh 211 0 50 0
110 0 50 0
100 0 50 0
311 0 50 0
310 0 50 0
0001 18 50 36
101̄1 0 50 0
101̄0 0 50 0

Ru 101̄2 0 50 0
21̄1̄2 0 50 0
213̄2 0 50 0
213̄1 0 50 0
112̄1 0 50 0

eC3O2RR Cu 100 0 4439 0
Co 0001 71 357222 0.02

Fischer-Tropsch Ni 111 65 357222 0.02
Fe 110 0 357222 0
Ru 0001 79 357222 0.02
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