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ABSTRACT

The complex reaction network of catalytic biomass conversions often involves hundreds
of surface intermediates and thousands of reaction steps, greatly hindering the rational
design of metal catalysts for these conversions. Here, we present a framework of machine
learning (ML) accelerated first-principles studies for the hydrodeoxygenation (HDO) of
propanoic acid over transition metal surfaces. The microkinetic model (MKM) is initially
parameterized by ML-predicted energies and iteratively improved by identifying the rate-
determining species and steps (RDS), computing their energies by DFT, and re-
parameterizing the MKM until all the RDS are computed by DFT. The Gaussian process
(GP) model performs significantly better than the linear ridge regression model for
predicting both the adsorption free energies and transition state free energies.
Parameterized with energies from the GP model, only 5-20% of the full reaction network
has to be computed by DFT for the MKM to possess DFT-level accuracy for the TOF and
dominant reaction pathway. While the linear ridge regression model performs worse than
the GP model, its performance is greatly improved when only transition states are predicted
by the regression model and adsorption energies are computed by DFT. Overall, we find a
high accuracy in adsorption free energies is more important for a reliable MKM than a high
accuracy in TS free energies. Finally, based on the GP model with Gon and Gchchco as
catalyst descriptors, we build two-dimensional volcano plots in activity and selectivity that

can help design promising alloy catalysts for HDO reactions of organic acids.
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1. Introduction

The study of the usage of biomass as an alternative to fossil fuels has greatly
increased due to environmental and climate issues brought about by the combustion of
fossil fuels and their derivatives!. However, biomass-derived fuels have their drawbacks,
such as high viscosity, poor oxidation stability, low energy density, high cloud point

t>. Deoxygenation therefore becomes

temperature, etc., due to their high oxygen conten
very important in the chemical utilization of biomass. Currently, the heterogeneous
catalyzed hydrodeoxygenation (HDO) process, which is conducted in both vapor and liquid
phases, is widely used for the conversion of biomass to valuable products® ’. Conventional
petrochemical-based HDO catalysts, such as sulfided NiMo/Al,O3; and CoMo/Al,Os3
cannot be used for the conversion of biomass due to the low sulfur content in biomass, high
sulfur content in the final product, and short catalyst lifetimes®. To overcome these
limitations of conventional sulfided catalysts, new metal catalysts must be developed for
the HDO of biomass, which requires a comprehensive understanding of the HDO
mechanism on the catalyst surface. Unfortunately, the surface catalyzed reaction network
of biomass conversion often involves hundreds of intermediates and thousands of
elementary reaction steps which greatly limits the computational and experimental study
of this complex reaction network. Furthermore, supported metal particles display multiple

surface facets and active sites and in principle, all of these sites need to be studied to

identify the most relevant active sites.

Microkinetic modeling based on parameters obtained from density functional
theory (DFT) calculations has been proven to be a powerful tool for understanding reaction
mechanisms in heterogenous catalysis® °, however, most models only consider small
molecules with typically only one or two carbon atoms to reduce the size of the reaction
network and the corresponding computational effort for computing the free energy of the
various species and transition states (TS). Fortunately, most surface species and TS have
only a negligible impact on the various quantities of interest (such as turnover frequency
and selectivity), and in fact only a few key species and TS control the rate of the overall
reaction network such that most computational resources should be focused on these highly
important surface species while the majority of the reaction network can be described with

lower accuracy and less costly approaches®. In other words, identifying a meaningful (but



cheap) model to estimate the properties of most species and TS of the reaction network
while locating the most important species is of high importance for any computational (and

experimental) study of complex reaction networks.

Wolcott et al.'” recently used the idea that only a few species and TS determine the
overall performance of a catalyst and introduced a degree of rate control approach to
catalyst design that aims at identifying the most relevant species and TS for a reference
system. It then assumes that the same reaction mechanism, rate-controlling species, and
degrees of rate control also hold for other catalyst surfaces. Under these assumptions, to
predict the rate of reaction for a new catalyst system relative to the rate of a reference
system, it is necessary to only determine the free energy for the most rate-controlling
species (identified for the reference system) on the new catalyst surface (by DFT,
experiment, or semiempirical methods). Unfortunately, the reliability of this approach
strongly depends on the degrees of rate control not changing when changing the catalyst
surface, which is unlikely for large reaction networks of biomass catalysis that typically
contain many partial rate controlling steps or for catalyst surfaces that are very different to

the reference system.

Alternatively, the idea of a few important species is not utilized, and it is instead
attempted to correlate the energies of the various species and TS to descriptor values. Thus,
the microkinetic models are only a function of descriptor values, and volcano curves in
activity and selectivity can be generated that are only functions of these descriptors.
Specifically, one of the most popular, and also simplest, approaches proposed by Nerskov,
Bligaard, and coworkers'!"!° is to use linear scaling relations to relate the adsorption energy
of all reaction intermediates on the catalyst surface to one or two adsorption energies of
small molecules or atomic species such as C, O, OH and CO. Instead of adsorption
energies, intrinsic properties of the catalyst such as coordination number, d-band moments,
the density of states near the Fermi level, etc. can also be used as descriptors for predicting
adsorption energies!®!®. Here, nonlinear functions of the descriptor values have sometimes
been found to be superior for multimetallic transition metal surfaces.'® However, only very
few studies considered molecules with more than two carbon atoms or attempted to model

larger species on multiple catalyst surfaces such that it is currently still unknown how

practically useful these linear and nonlinear approaches are for predicting the adsorption



energy of larger biomass molecules. In this context, more complicated machine learning
models based on group additivity'* 123, ‘Coulomb’ matrix**%, bag-of-bonds?’, etc. have
recently been proposed to predict the adsorption energy of larger adsorbates. These
methods sometimes require the geometry and coordinates of the adsorbed species for
reliable predictions which is however often not available and which we found to be very

difficult to predict with lower-level methods such as molecular mechanics or DFTB.

Next, TS (free) energies (or forward barriers) have to be predicted for a family of
reactions, or the same reaction over multiple active sites, or a combination of both, and
again linear correlations such as transition-state scaling?® (TSS) or Bronsted-Evans—
Polanyi?’ (BEP) correlations are commonly used for this task that relate the TS energy to
adsorption energy information of the (dissociated) product state or the reactant and product
states. Often, a reaction family is defined based on the bond type that is undergoing bond
cleavage (e.g., C-C, C-O, C-H, O-H scission), and correlations are built for each family.
Given that this linear relation has been shown to roughly hold over various catalyst facets,
it has been widely used in the computational catalyst screening community'> 162841 For
example, catalyst screening based on linear scaling has been used for the design of

heterogeneous catalysts for C-H and N-H bond cleavage!® 3% 4>30,

However, for large reaction networks typical of biomass conversion, it is more
challenging to identify reliable linear scaling relationships as the surface and TS energies
are not only dependent on the state of the reactive moiety but also the conformation and
strain in the non-reactive part of the surface species that is often quite different for different
species on different surfaces. Thus, more descriptors would have to be used in a linear
model (which again requires more data during parameterization which might not be
practical), or more complex nonlinear machine learning models are tried. Ulissi and
coworkers* proposed a framework that is based on a Gaussian process model using group
additivity for the adsorption energy predictions. In combination with transition-state
scaling relations (TSS), the key species and the most likely reaction mechanism have been
identified for the Rh(111) catalyzed alcohol production from syngas. Similarly, Sutton et
al.>® presented a systematic hierarchical multiscale framework based on group additivity
and Bronsted—Evans—Polanyi (BEP) relations for parameterizing the microkinetic model

of ethanol steam reforming over Pt. The reaction system contained 67 surface species and



160 reaction steps, and they found that their method delivers first-principles accuracy at a
significantly reduced computational cost. Despite the success of these models in
determining the reaction mechanism, they still suffer from some intrinsic drawbacks of the
models being used to estimate the surface intermediate adsorption and TS energy.
Specifically, the usefulness of the linear relations for the transition state (BEP and TSS) is

33,38, 51 For instance,

not clear for larger molecules and more complicated chemistries
Sutton et al.>? reported that while the classic BEP relation is sufficient for C-H cleavage, it
is inadequate for O-H and C-OH bond scission in ethanol on the Pt(111) and Rh(111)
surfaces. Similar observations have been made by Lee et al. for the C-O scission of

methoxy and hydroxyl groups in guaiacol on Pt(111)°".

In this study, we investigate the practical usefulness of machine learning models
for parameterizing microkinetic models of reaction networks of biomass conversion on
metal surfaces when no DFT data are available for a new surface (but only for other
surfaces). Next, we test if the microkinetic models can be improved iteratively by
identifying rate and selectivity determining surface species and TS and computing these
species by DFT, i.e., can we utilize the idea that only a few species and TS are kinetically
important for each surface but that these important species are not necessarily known or
are the same for each surface. Essentially, we are testing whether the machine learning
models are accurate enough that the microkinetic model solution (with all DFT data) is
within the convergence radius of the iterative loop. Here, we compare the performance of
stacked-Gaussian Process models for adsorption and TS (free) energies against linear
models that use TSS and BEP relations for predicting the TS free energies. While the
results are necessarily system, data, and machine learning model dependent, we still hope
to provide guidelines when machine learning tools are likely useful and can accelerate
computational catalysis studies. As a model system, we studied the HDO of propanoic acid.

53,54 and

The HDO of carboxylic acids is relevant for green diesel production from esters
the stabilization of pyrolysis oils>>*°. In addition, short chain (C2-C5) volatile fatty acids
(VFAs) can readily be produced from various organic wastes by methane-arrested
anaerobic digestion, and utilization of these VFAs often requires HDO to, e.g., alcohols
and aldehydes®’. Thus, the identification of novel catalysts for the HDO of propionic acid

is important for various biomass conversion processes.



2. Methods
2.1. Computational methods

All computational data utilized in this study are based on DFT calculations with the
projector augmented wave (PAW) method™® as implemented in the Vienna Ab Initio
Simulation Package (VASP).>- % The generalized gradient approximation (GGA) with the
Perdew and Wang 1991 functional (PW91) was used to treat the exchange-correlation
effects®> 2. While PW91 lacks van der Waals interactions that are often considered
important for the adsorption of larger molecules, its effect on surface reaction energies is

generally smal]®* 64

and given that PW91 already tends to overestimate adsorption energies,
the lack of van der Waals interactions in this study should only have a small impact on the
conclusions®. An energy cutoff of 400 eV is used and the energy convergence criterion

was set to 107 eV. All structures were relaxed until the Hellmann-Feynman force on each

atom was smaller than 0.01 eV Al. To simulate the surface, a 3 x 2v/3 (111) or (0001)
surface model was constructed with four metal atom layers separated by a 15 A vacuum
gap. The dipole correction was applied to the direction perpendicular to the surface. For all
surface calculations, the bottom two layers were fixed to their bulk positions while the top
two layers were fully relaxed in all directions. Figure S11 of the Supporting Information
illustrates convergence of the adsorption energies with slab thickness to within less than
0.1 eV. In the vibrational frequency calculations, all metal atoms were fixed at their
optimized positions. For free energy calculations, frequencies below 100 cm™ were shifted
to 100 cm™ for the calculation of partition functions so that errors associated with the
harmonic approximation are minimized for the small frequencies®®. The Brillouin zone
integration was sampled by a 4x4x1 k-point mesh based on the Monkhorst-Pack scheme®’.
To locate the TS of the elementary reaction steps, a combination of the climbing image
nudged elastic band (CI-NEB) method and the dimer method was used®®’!. In this
approach, NEB calculations are conducted for 20-30 steps without full convergence. These
NEB results serve as an initial guess for the structure and reaction coordinate of subsequent
dimer optimizations of the TS structure. For dimer-optimized TS structures, we compute
all vibrational frequencies and confirm that the TS structure is a first-order saddle point

and the eigenvector corresponding to the imaginary frequency describes the movement



from the reactant to the product state. All dimer-optimized TS structures are provided in
the Supplementary Information. Similarly, for all ground states DFT energies and

structures are provided in the Supporting Information of this paper.
2.2. Machine learning descriptors and models

We have previously studied the HDO of propionic acid over five transition metal surfaces,
including Pt(111)"%, Pd(111)”®, Cu(111)"*, Rh(111)”, and Ru(0001)’. New data for
Ag(111), Re(0001), Pd(100), and Ni(111) have been generated for this study. For Ag(111)
and Re(0001), we only computed adsorption energies, i.€., no transition states. As machine
learning models for parameterizing the microkinetic models, we utilize our prior research

on modeling both surface species and TS for the HDO of propionic acid.

The adsorption energies of the surface intermediates were predicted using both
linear and nonlinear models with molecular fingerprints as species descriptors as illustrated
in Fig. S1 of the SI and adsorption energies as material descriptors. The molecular
fingerprints can be generated from either the chemical formula or the SMILES
representation of the molecules’’. In the molecular fingerprints, the atoms are divided into
subclasses by the element number and the number of free valences of the atom (the number
of unpaired electrons; we assume O and C can have a maximum of 1 and 3 unpaired
electrons — isolated adsorbed C and O atoms are not part of this study, explaining why 2
and 4 unpaired electrons are not possible in this study), which can identify the type and
number of unsaturated atoms in the molecules and capture the likely bonding information
between the molecules and the catalyst surface. For instance, the carbon atom is divided
into C°, C!, C?, and C?, which correspond to a carbon atom that has 0, 1, 2, and 3 free
electrons that can form bonds to the metal surface, respectively. Besides, the number of
various bonds was also identified based on the atom types (we assume single bonds for all
the atom-atom connections except for the C=0 double bond), such as C°-O° and C2-O',
etc. For instance, one C°-O° and C2-O! bond will be in CH3CH>CH>OH and CH3;CH,CO,
respectively. Only C-H, C-C, C-O and C=0 bonds are considered in this work since only
C, H, and O atoms are found in all the surface intermediates, and C-C double and triple
bonds typically strongly interact with surface metal atoms leading to an effective single C-

C bond and various bonds with the metal surface atoms. Besides the molecular fingerprints,



descriptors to represent the catalysts (metal surfaces) are also needed. From principal
component analysis (PCA) and varimax rotation, we found that about 98% of the variance
of the adsorption data used in this work can be explained by the adsorption energy of
CHCHCO and OH’8. Therefore, the adsorption energy of CHCHCO and OH were used as
descriptors for the catalysts (metal surface). To compare the performance of the nonlinear
and linear models, Gaussian process regression and ridge regression were used since they
are among the best models in predicting the adsorption (free) energies of surface

intermediates according to our previous studies’® 7.

For the TS free energy predictions, various categories of descriptors and ML
models were studied”?. We use metal descriptors (such as the adsorption energies of H, C,
OH, CH3CH and CHCHCO), molecular fingerprints of the reactants and products and
reaction descriptors (such as the adsorption energy of the reactant, the sum of adsorption
energies of the products and the reaction energies), to describe the variabilities of the TS
free energies. The performance of the various combinations of these descriptors and ML
models in predicting the transition state energies was systematically investigated in our
previous study’®. The best descriptors for the ridge regression and the Gaussian process are
Er_Epi Ep2 FPr_FPpi Ecuscnand Er_Epi Epz FPr_FPp2 Echsch, respectively, where Eg,
Ep1, Ep2, and Ecusch are the adsorption free energy of the reactant of the (dissociation)
reaction, the adsorption energy of the smaller product and the bigger product of the reaction
and adsorbed CH3CH, respectively, while FPr, FPp1 and FPp; are the fingerprints of the
reactant, smaller product and bigger product of the reaction, respectively. Therefore, these
two sets of descriptors were used for the prediction of the TS free energies for the linear
model (ridge regression) and nonlinear model (Gaussian process) in this work,
respectively. The well-known transition state scaling relationship (TSS)*® which linearly
correlates the transition state energy to the product energy was also studied. Except when
otherwise specified, all the energies used in this work are free energies calculated at a
temperature of 498 K such that the results from ML predictions can directly be used in a

microkinetic model.

2.3. The iterative descriptor-based approach



As shown in Fig. 1, our approach consists of 4 steps after building the database: (1)
predict the surface intermediate adsorption free energies at reaction conditions with the
optimized machine learning model and proper descriptors; (2) predict the transition state
free energies with the optimized models based on the predicted adsorption free energies
from step 1; (3) parameterize the MKM with the predicted adsorption and transition state
free energies, run the microkinetic model and sensitivity analysis to determine the rate-
controlling species and transition states, followed by DFT calculations for these rate-
controlling species and TS if they are only predicted from ML models. After this step, there
are two different self-consistent loops, the outer loop (retraining) and the inner loop (non-
retraining). In the self-consistent retraining loop, the DFT calculations of the rate-
controlling species will be added to the database and the ML model used in step 1 and 2
will be retrained and re-optimized. New predictions from the reoptimized model and the
rate-control species will then parameterize the MKM again to obtain new rate-controlling
species. This process will continue until all the rate-controlling species identified by the
MKM are calculated via DFT. In the self-consistent non-retraining loop, the DFT
calculated rate-controlling species and TS will not be used for the ML training and will
instead only be used to refine the MKM parameters. New rate-controlling species will then
be identified by the refined MKM. For both approaches, the loop will stop when all the
rate-controlling species are calculated by DFT; (4) Finally, based on the optimized model
and catalyst descriptors, volcano plots on catalyst activity and selectivity will be built,
which can provide a guide to catalyst design and synthesis. We reiterate that no coordinate
information is used for the ML models predicting the adsorption/TS energies of surface
species. Only the DFT calculated values of the OH and CHCHO binding energies are used
as ML input feature identifying the metal surface. All other energy-related input features
are from ML-predicted adsorption energies, for instance, the reaction energies, reactant
energies, and product energies etc. The non-energy related input features are the
fingerprints of the adsorbates that are based on a 1D description of the adsorbed species

without any surface information.



Step 0: Build database
Database of reaction intermediates and
transition states on various metal surfaces

!

Step 1: prediction of adsorption free energy
» Linear regression: ridge regression
» Nonlinear regression: Gaussian-process

Outer loop 1

Step 2: prediction of TS free energy
» Linear regression: ridge regression, BEP
» Nonlinear regression: Gaussian-process

1 Inner loop

Step 3: microkinetic modelling
» Key rate controlling species
» DFT calculations for all the key species

}

Step 4: build volcano plot
» Activity and selectivity plots
» Catalystscreening

Figure 1. Schematic representation of the iterative descriptor-based approach that is used
to identify the reaction mechanisms and activity of the HDO of propionic acid on transition
metal surfaces.

3. Results and Discussion

3.1 Approach validation: HDO of propanoic acid through decarbonylation and

decarboxylation
3.1.1 Adsorption energy and transition state energy predictions

To benchmark the accuracy of the various approaches for predicting adsorption and
transition state free energies, we considered the reaction network shown in the
supplementary information Fig. S2 that only contains decarbonylation (DCN) and
decarboxylation (DCX) pathways to alkane products. The reason we did not consider
pathways to produce alcohols and aldehydes in this validation study is related to us having
only a complete database, i.e., all adsorbed species and TS, for only the DCN and DCX
pathways. Alcohol and aldehyde production can occur on some metals such as Rh and Cu,

however, these pathways are neglected in this validation study (but they are considered in



the catalyst design study discussed in section 3.3). Specifically, the reaction network
consists of 29 surface intermediates and 41 surface reaction steps per surface. There are an
overall of 232 surface intermediates adsorption data points (8 metal surfaces) and 246
transition states (only 6 metal surfaces having transition states available — we did not
compute any TS for Re and Ag as these metals are very oxophillic and very noble,

respectively, and hardly display any catalytic activity).

For the training and testing process of the machine learning models, data points for
all metals have been used for training while leaving out one metal for testing, and the data
points from Re(0001) and Ag(111) surfaces are always used in the ML model training for
adsorption energy prediction since we do not have transition state energies on these two
metal surfaces. In other words, we are assuming a somewhat realistic scenario that the
(complete) reaction network has been studied for all known metal catalysts in the database
and we attempt to use this information to predict the performance for an unknown metal
surface. To make a fair comparison, we tried all combinations of known and unknown
surfaces. The MAEs of the adsorption and TS free energy predictions for the six metal
surfaces are shown in Table 1. For the prediction of the adsorption free energy of the
surface intermediates, the molecular fingerprints, Gcucuco and Gown are used as the input
features/descriptors. Generally, the predictions of the Gaussian process can achieve an
MAE that is significantly smaller than for the ridge regression predictions, and except for
the Cu(111) surface, the MAEs of the Gaussian process predictions are below 0.2 eV for
all the other metal surfaces. The ridge regression prediction errors are usually more than
0.2 eV for all the studied six metal surfaces. Based on the predicted adsorption energies,
linear (ridge regression) and nonlinear (Gaussian process) models were used to predict the
transition state energies. Again, the Gaussian process regression outperformed the linear
ridge regression model. The widely used TSS relationship which uses the product energy
as the input descriptor was also used to predict the transition state energy. Not surprisingly,
a very large MAE of the predictions is found for all the six metal surfaces, which agrees
very well with results from previous studies demonstrating that BEP and TSS are
inadequate for O-H, C-O and C-OH bond scission in biomass conversion reactions’> 3% 31
52, We note that large prediction errors, e.g., larger 0.2 eV, can occur, especially for TS

predictions, on some metal surfaces, which could lead (at 498 K) to a two-order magnitude



shift in the compute rate constant. However, we identify all RDS with a degree of rate
control, y;, larger than 0.01 in each MKM and calculate the energy of these states by DFT
and then re-parameterize the MKM. Thus, the only states with large errors are those with
a degree of rate-control of less than 0.01, i.e., they are not important. At 498 K, an energy

error of G = 0.2 €V (or 0.4 eV) for, e.g., a transition state with a degree of rate control

of 0.01 leads to a change in rate of less than 5 % (or 10%); ::rﬁ = exp ()(l- %) <

1.05 (or 1.1). Thus, even though we may have two or even four orders of magnitude errors

in calculated reaction rate constants for some steps, their effect on the TOF is small.

Table 1. MAEs in eV of the adsorption free energy and transition state free energy
prediction at 498 K with different ML models. RR represents ridge regression, GP
represents Gaussian process regression, and TSS is transition state scaling.

Adsorption free energy TS free energies

RR GP RR TSS GP
Cu(111) 0.399 0.232 0.319 0.568 0.290
Ni(111) 0.217 0.158 0.232 0.338 0.223
Pd(111) 0.231 0.124 0.212 0.520 0.149
Pt(111) 0.300 0.194 0.301 0.455 0.278
Rh(111) 0.214 0.122 0.242 0.396 0.193
Ru(0001) 0.294 0.145 0.269 0.675 0.222

3.1.2 Reaction kinetics: linear vs nonlinear

Next, we tried the non-retraining approach (inner loop in Fig. 1) and started with the
nonlinear stackedGP-based model for predicting the free energies of the “new” catalyst
surface. The details of the microkinetic model and the sensitivity analysis®® 3! to identify
the rate-controlling species are included in section S3 and S4 in the supplementary
information. It is to be noted that we only consider a species to be rate-controlling when its
corresponding degree of rate control is greater than 0.01. The predicted reaction rates of
the DCN and DCX path on the six metal surfaces at each iteration loop from the Gaussian
process based MKM are shown in Fig. 2. For comparison, the corresponding rates from
the MKM with parameters obtained by DFT are also shown. We note that no lateral
interaction model is used here and thus, the rates are artificially low due to high CO and H
coverage; however, the model should still be meaningful to judge the practical usefulness

of an iterative cycle for improving the reliability of a machine learning model and the



consequences on the predicted catalyst activity, etc. Generally, the Gaussian process
performs very well in predicting the reaction rate of the DCN path on all six studied metal
surfaces, and the predicted rate converges to the DFT calculated values very fast within 2-
3 cycles. Next, the predicted DCN rates are always larger than those of the DCX path,
demonstrating that the DCN path is preferred over the DCX path on all of the six surfaces
which agrees with the DFT calculations. For the DCX rate prediction, only on the Pd(111)
and Cu(111) surfaces can the GP-based approach get a similar DCX rate as that computed
by an MKM parameterized by DFT. Considering that the DCX mechanism is not favored
over the studied metal surfaces and its contribution to the TOF is negligible relative to the
DCN mechanism, it is not surprising that the GP-based approach cannot correctly capture
the rate-controlling species for the DCX path. We anticipate that determining the DCX
path correctly would require us to also compute the degree of rate control for the DCX rate;

however, this is likely not practical as more DFT calculations would be needed.

The predicted rate-controlling species from the final cycle of the six studied metal
surfaces are shown in Table 2. In the table, we also report the total number of DFT
calculated surface intermediates and TS to converge our iterative scheme. The stackedGP-
based approach can identify almost all rate-determining species and TS as computed by
DFT. Only for the Ni(111), Pt(111), and Rh(111) surfaces do we observe that the GP-based
approach failed to identify a few minor rate-controlling species. However, since the
importance of these species is minor, the predicted TOFs are still almost the same as those
predicted in the DFT parameterized model. For instance, for Ni(111), the TOF from the
GP-based approach and DFT parameterized models are 1.14x108 s and 1.18x10% 57!,
respectively, while for Pt(111) they are 3.93x10%s " and 3.25x10®s™!, respectively. Usually,
the number of required TS computed by DFT for the new surface is 2 to 10 for the GP-
based approach (out of a total of 41 in the reaction network), and the number of required
surface intermediate adsorption energies computed by DFT is 2-6 (out of a total of 29 in
the reaction network). In other words, only 5% to 20% of the full reaction network has to
be computed for the GP-based approach to get a DFT level of accuracy in TOF predictions
for the HDO of propionic acid, demonstrating a greatly reduced computational cost. Next,
in Table 2, the rate-controlling species from the full DFT calculations parameterized MKM

also show a significant variation across metals, demonstrating that the approach proposed



by Wolcott et al.'° for catalyst design, which assumes the same rate-controlling species and
degrees of rate control for all catalyst surfaces, is not appropriate for a complex reaction

network like biomass conversion.
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Figure 2. The predicted reaction rate of DCN and DCX paths at each MKM cycle for the
six studied transition metal surfaces based on stacked Gaussian process predictions. MKM
results based on pure DFT calculations are shown as DFT DCN and DFT DCX,
respectively. Rates are very low due to the neglect of any lateral interactions. The reaction

conditions are T = 473 K and partial pressures of 1 bar for propanoic acid, 0.1 bar for H>
and 0.001 bar for CO.

Table 2. Predicted degrees of rate control of the key species in the final cycle for the HDO
of propionic acid from various models. Stacked ridge and ridge+TSS denote a ridge
regression model was used for both the adsorption free energy and transition state free
energy prediction except that only the product free energy is used as input for the TS
prediction in the TSS, while stacked GP means a Gaussian process regression model was



used for both the adsorption and transition state free energy predictions. TRC and KRC
denote the total number of DFT calculations needed for the surface intermediates and
transition states to reach MKM convergence on the specific surface, respectively. The two
columns under “org ads” correspond to results from models parameterized with DFT
calculated intermediate adsorption energies but with ridge regression and TSS predicted
TS energies, respectively. The “org ts’ column shows the results from the MKM model
parameterized with DFT calculated TS energies but with ridge regression predicted
intermediate adsorption energies. The final converged TOFs from the various models are
also shown. “--” means the degree of rate control is less than 0.01. The columns with results

from full DFT-based MKM are also shown as reference.

DFT stacked stacked ridge+ org_ads org ts
ridge GP TSS ridge ts TSS ridge ads

Ni(111)

CHCH -0.13 -- -- -- -- -- --

CO -0.57 -- -0.57 -- -0.57 -0.57 -0.56

H -2.10 -3.70 -2.10 -3.70 -2.10 -2.10 -2.13

TS1 0.93 0.94 0.96 0.95 0.96 0.96 0.90

TS8 -0.10 -- -- -- -- -- -0.03

TS18 -0.06 -- -- -- -- -- -0.02

KRC -- 17 4 9 3 1 --

TRC -- 7 3 6 -- -- 25

TOF 1.18x10%  2.97x10%  1.14x10*  2.94x10® 1.14x10®* 1.14x10®  1.20x10°
Pt(111)

CO -0.34 -- -0.34 -- -0.34 -0.44 --

H -1.86 -2.86 -1.86 -2.90 -1.86 -2.40 -2.86

TS1 0.06 0.08 0.05 0.07 0.06 -- 0.08

TS2 0.16 0.16 N/A 0.17 0.16 0.05 0.16

TS5 0.74 0.73 0.90 0.68 0.74 -- 0.73

TS6 -- -- -- -- -- -- -0.39

TS7 -- -- -- -- -- 0.91 --

TSS8 -- -- -- -- -- -- -0.35

KRC -- 9 7 20 6 5 --

TRC -- 3 3 13 -- -- 5

TOF 3.25x10%  5.33x10%  3.93x10®  5.59x10® 3.25x10®*  9.47x10°  5.33x10°
Rh(111)

CHCH

COOH 0.05 -- -- -- -- -- --

COOH -0.07 -- -- -- -- -- 0.01

CO -0.98 -- -0.98 -- -0.97 -0.75 -0.98

H -0.87 -3.71 -0.87 -3.70 -0.87 -0.67 -0.87

TS1 0.89 0.93 0.89 0.96 0.89 -- 0.90

TS5 0.06 0.03 0.07 -- 0.07 0.96 0.07

KRC -- 8 2 16 4 9 --

TRC -- 2 2 8 -- -- 18

TOF 1.12x10°  2.27x10°  1.11x10°  2.15x10° 1.10x10°  7.73x10®  1.12x10°

Ru(0001)




CH;CH:;

COO -1.34 -1.33 -1.33 -1.23 -1.24 -1.24 -1.34

H -0.49 -0.49 -0.48 -0.45 -0.45 -045 -0.49

TS2 0.22 0.24 0.23 0.48 0.45 0.45 0.22

TS5 0.24 0.24 0.25 0.48 0.48 0.48 0.24

TS9 0.26 0.25 0.24 - - - 0.26

TS41 0.24 0.23 0.24 - - - 0.24

TS31 - - — - 0.02 0.02 -

TS32 - - - - 0.08 - -

KRC - 12 8 17 5 7 -

TRC - 6 5 11 - - 5

TOF 7.67x10°  7.50x10°  7.68x10°  1.15x10° 1.16x10°  1.18x10°  7.67x10°
Pd(111)

co -0.61 — -0.61 - -0.61 -0.60 —

H -1.12 2.92 -1.12 - -1.12 -1.10 2.93

TS1 0.05 0.08 0.05 - 0.05 - 0.08

TS5 0.91 0.88 0.91 - 0.91 - 0.88

TS29 - - — 0.96 - 0.96 -

KRC - 20 4 1 2 1 -

TRC - 11 2 0 - - 11

TOF 1.14x10""  4.43x10"  1.14x101"  3.97x10°  1.13x107!  3.95x10* 4.44x10"!
Cu(111)

CH;CH,

COO -0.32 - -0.32 - -0.32 -0.32 -

H 223 - 2.23 - 223 222 -2.88

TS1 - 0.96 — 0.95 - - -

TS5 0.70 - 0.70 - 0.70 0.71 0.70

TS29 0.26 - 0.26 - 0.26 0.26 0.26

KRC - 4 10 3 5 33 -

TRC - 1 6 4 - - 12

TOF 4.92x1072  9.33x106  4.92x107"2  9.23x10° 4.92x10"2 4.93x102  7.27x10"2

A non-retraining linear modeling approach, using the same descriptors as in the

stackedGP models, was also tested. Two different linear approaches for the TS are used

which are Ridge regression and TSS. To clarify, in both approaches, the linear models are

identical except that the product free energy is only used as the input feature (descriptor)

for the TS prediction in the TSS approach which is widely used in heterogenous catalysis,

especially in the small molecules activation. Generally, as shown in Fig. 3, both approaches

converge very fast in predicting the rate of the DCN and DCX pathways. However, there

is a large discrepancy between the predicted rates and the values predicted by the MKM

from DFT calculations due to the failure to correctly identify the rate-controlling species

as shown in Table 2. It appears that the DFT solution has been outside the convergence

radius of the linear models. For the Pt(111) and Ru(0001) surfaces, the Ridge regression



can capture the most important rate-controlling species and predict a TOF very close to the
DFT calculated model. However, it needs more DFT calculations than the GP-based
approach. For instance, as shown in Table 2, for Ru(0001), the required total DFT
calculations (surface intermediates and TS) are 18 and 13, respectively, for the Ridge
regression and the GP-based approach. The same trend was found for the TSS approach.
For instance, for the Pt(111) surface, even though the predicted TOF from the TSS
approach is close to the value from the DFT model, the required DFT calculations (total of
33) are significantly higher than those needed for the GP-based approach (total of 10), as
shown in Table 2. The critical failure of the linear models is their inability to obtain a good
estimation of the TOF due to them identifying wrong rate-controlling species. For instance,
on Rh(111), shown in Table 2, even with a total number of 24 new DFT calculations, the
TSS approach failed to identify CO as the key species and predicted a TOF of 2.15x107 s°
'which is almost one order of magnitude larger than the MKM parameterized by DFT
(1.12x10° s1). In contrast, the GP-based approach captured all the most important rate-
controlling species and predicted a TOF of 1.11x10° s! with only 4 DFT calculations. We
note that we do not believe that the failure necessarily originates from the use of linear

models but from the higher prediction error of critical species and TS.

Interestingly, even the dominant pathway cannot always be identified with some of
the linear models. Figure 4 illustrates the dominant reaction pathways of the HDO of
propanoic acid for the Rh(111) surface as predicted by the various models. The dominant
pathways from the GP-based approach agrees very well with the MKM parameterized by
DFT, which follows a DCN reaction path, CH;CH,COOH — CH3CH>CO — CH3CHCO
— CH3CCO — CH3C — CH2C — CH2CH — CH>CHa. In contrast, for the linear ridge
regression model, the a-carbon needs to be less dehydrogenated prior to decarbonylation.
In other words, the linear ridge regression model cannot correctly capture the dominant
pathway. Figure S3 to S7 in the Supporting Information illustrates the dominant pathways

for the five other metal surfaces.
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Figure 3. The predicted reaction rate of DCN and DCX pathways of each MKM cycle for
the six studied transition metal surfaces from linear regression models and all DFT
calculations. Results from the model using TSS for the TS predictions are shown as
TSS DCN and TSS DCX, and the corresponding results from the ridge regression are
shown as Ridge DCN and Ridge DCX. The reaction conditions are T =473 K and partial
pressures of 1 bar for propanoic acid, 0.1 bar for H> and 0.001 bar for CO.

In summary, the nonlinear Gaussian process models outperform the linear
regression models in both the identification of the rate-controlling species and the dominant
reaction mechanism. Most importantly, the errors appear to be too large in the linear
models to accurately converge to the accurate reaction mechanism and rate-controlling

species which often leads to large errors in the activity (TOF) of the transition metal

surfaces. In other words, the errors of these models are too large for the models to be



practically useful for a computational catalysis study of the conversion of biomass

molecules.
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Figure 4. Dominant pathways for the Rh(111) surface determined by various models.
Dashed arrows are steps with larger reaction rates while the solid arrows are steps with
competitive but reduced reaction rates to the dashed arrow steps.

3.1.3 Importance of the accuracy of the adsorption free energy predictions

Since two sets of predicted free energies are used in the microkinetic model: the
free energy of the surface intermediates and the TS, it is instructive to explore which set of
free energies is of greater importance in the determination of the catalyst activity (TOF).
Given that the linear ridge regression model performs poorly in predicting the key surface
and TS species and the TOF, we tested whether the performance of the linear regression
model approach could be improved if it is provided with either all surface intermediate free
energies or all the TS free energies from DFT calculations. In other words, we are testing
for which set of free energies, it is more important to have reliable data and we use the non-
retraining approach for this test. In the following, we call the model with all surface
intermediates computed by DFT while all TS predicted by ridge regression and TSS,
org ads ridge ts and org_ads TSS ts, respectively. The model with all TS computed by

DFT and all surface intermediates computed by ridge regression, ridge ads org _ts,



The predicted TOFs from the three models are shown in Fig. 5. Across all six
studied metal surfaces, the org ads ridge ts model displayed a very satisfactory
performance despite the relatively poor prediction performance of the TS model. For
instance, for the Rh(111) surface, the org_ads ridge ts model predicts a TOF of 1.10x10"
6 sl which is practically identical to the MKM parameterized by DFT. We note that when
using ridge regression also for the surface intermediates, a TOF of 2.15x107° s was
predicted which is more than one order of magnitude too large. Generally, the iterative
non-retraining model converges to the correct results after computation of only about 10%
of the TS in the org ads ridge ts model. In contrast, convergence is slow in the
ridge ads org ts model (see Figure 5) although at least for the Ni(111), Rh(111), and
Ru(0001) surfaces the model converges to the correct TOF and identifies the most relevant
rate controlling species. For instance, for the Ni(111) surface, the convergence of the
iterative loop is only obtained after the DFT computation of 25 out of 29 surface
intermediates. Furthermore, for the other three metal surfaces (Pt, Pd, and Cu), there are
significant discrepancies in the converged TOFs relative to the MKM parameterized by
DFT due to the failure of capturing some key surface intermediates as rate-controlling
species. Reliable free energies for surface intermediates appear to be significantly more
important than TS which is quite noteworthy given that most microkinetic models require
the computation of significantly more TS than surface intermediates and given that the
computation of TS is about one order of magnitude more expensive than the computation
of ground states. This observation also agrees with findings from Sutton et al. for the

ethanol steam reforming on Pt*°.

As discussed previously in section 3.1.2, the TSS approach which uses predicted
adsorption energies from ridge regression and TS energies from TSS relationship
estimations, performs extremely poor in capturing the rate-controlling species and
predicting the TOF. We, therefore, investigated if the performance of the TSS model could
be improved by using all DFT adsorption energies while the TS is still predicted from the
TSS relationships that often display large errors (Table 1). As shown in Fig. 5, an
improvement in the prediction of the TOF is observed with the org ads TSS ts model for
the Ni(111), Cu(111) and Ru(0001) surfaces, and the predicted TOF agrees quite well with
the MKM parameterized by DFT which again demonstrates that as long as the surface



intermediates are computed by DFT, the TS model is of lower importance. However, great
discrepancies are found for the Rh(111), Pd(111), and Pt(111) surfaces. Also, to reach
convergence, the org_ads TSS ts model requires a larger number of DFT calculations than
the org_ads ridge ts model. For instance, as shown in Table 2, for the Cu(111) surface,
the org_ads TSS ts model needs 33 TS DFT calculations while the model with a better TS
model, org ads ridge ts, requires only 5 TS DFT calculations. We conclude that while an
accurate model for the surface intermediates is more important than an accurate model for
the TS, if the TS model is not appropriate for the chemistry, e.g., the TSS model is not

appropriate for larger molecules, then no reliable predictions can be made.
3.1.4 Retraining versus non-retraining of the machine learning models

To investigate the importance of retraining during the iterative loop, we also studied
the performance of the retraining approach (outer loop in Fig. 1). We limit the discussion
here to the stackedGP model as predictions are most reliable with this model and we
already observed a satisfactory performance for predicting the reaction kinetics in the non-
retraining approach. During the retraining process, the rate-controlling species identified
at each cycle will be added to the database and the GP model will be reoptimized for the
next cycle. New predictions of the adsorption energies and TS from the reoptimized GP
will be used for the next MKM cycle. The prediction MAEs from the reoptimized
stackedGP model at each retraining cycle, as shown in Table S1, S3, S5, S7, S9 and S11,
respectively, for the six studied metal surfaces, suggest that the retraining does not decrease
the prediction errors. For some metal surfaces, the MAEs even increase, especially for the
Ru(0001) surface where relative to the starting cycle, the corresponding MAEs for the
surface intermediate and TS free energy predictions from the final reoptimized GP model
are increased by 0.06 eV and 0.02 eV, respectively. For most of the studied metal surfaces,
the retraining approach can predict almost the same TOFs and rate-controlling species as
that from the full DFT calculations parameterized model. However, the retraining approach
requires more DFT calculations to be included in the model than the non-retraining
approach. Furthermore, for the Pt(111) and Cu(111) surfaces, there exists a great
discrepancy between the retraining approach predicted TOF and the MKM parameterized
by DFT, which originates from the retraining approach not correctly capturing all rate-

controlling species on these two surfaces, as shown in Table S10 and Table S11. In contrast,



as discussed in section 3.1.1, the non-retraining approach converges to the correct TOF and
identifies all critical rate-controlling species for all the studied six metal surfaces with
significantly fewer DFT calculations. Therefore, the non-retraining approach is better than
the retraining approach in studying the DCN and DCX-based reaction network of the HDO
of propanoic acid. Updating the database with DFT-calculated rate-controlling species and
retraining the machine learning models does not improve the performance of our iterative
scheme. We suspect that this behavior can be explained by the bias that may be introduced
into the ML model during the retraining process when adding only a few data points of the
metal of interest. This is due to the small reaction network (consisting of only 29
intermediates and 41 transition states) that we studied which has only a few rate-controlling
species that need to be calculated by DFT. By adding a few species to the database, a bias
may be introduced that causes an increased error in the predictions. Especially, if the rate-
controlling species cannot be found on the first retraining cycle, an increased error may
occur on its prediction and may lead to a wrong dominant pathway which makes the true
rate-controlling species never be found by the model. Therefore, a very large discrepancy
occurs between the TOFs from the DFT model and ML predictions. For instance, the
adsorption energy of H has a very strong effect in determining the rate of reaction on the
Pt(111) surface, which indicates the accuracy of the H adsorption free energy prediction
will largely determine the accuracy of the predicted TOF. As shown in Fig. S8 and Table
S12, respectively, the absolute prediction error for the H adsorption free energy on the
Pt(111) surface is increased by 0.1 eV after retraining and H adsorption has not been
identified by the retraining model as a rate-controlling species, which lead to a predicted
TOF that is one order of magnitude larger than the DFT value. However, if the retraining
approach was used on a more complicated reaction network that needs more DFT
calculations being included in the database, the bias would be reduced and the retraining
approach could perform better. In the supporting information, we studied the retraining
approach on an extended reaction network that contains the alcohol and aldehyde pathways
(see section S7). Here, we found an improved performance of the retraining approach;
however, overall, more DFT calculations are needed in the retraining approach, and we

still conclude that retraining does not benefit the overall efficiency.
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Figure 5. Predicted reaction rate at each MKM cycle for the six studied transition metal
surfaces parameterized by the various ML models and DFT calculations. ridge ads org ts
indicates that all surface intermediate free energies are predicted by machine learning
models while the TS are computed by DFT, org ads ridge ts indicates that all surface
intermediates are computed by DFT and only the TS are predicted by machine learning
models, org ads TSS ts corresponds to a model with all surface intermediates computed
by DFT and all TS predicted by the quite unreliable TSS model. The reaction conditions
are T =473 K and partial pressures of 1 bar for propanoic acid, 0.1 bar for Hz and 0.001
bar for CO.

3.2 Catalyst screening: activity and selectivity



Finally, the catalyst activity and primary product formation rates (selectivity) of the
HDO of propanoic acid are mapped as a function of the adsorption free energies of
CHCHCO (G_CHCHCO) and OH (G_OH) for our microkinetic model utilizing the GP
model. Here, we considered the extended reaction network for the HDO of propanoic acid,
which also includes alcohol and aldehyde formation in addition to decarboxylation and
decarbonylation pathways. Section S7 in the supporting information shows that the GP-
based model is also validated on this extended reaction network. G CHCHCO and G_ OH
are used as the metal descriptors since the GP model for adsorption energy predictions can
predict adsorption energies on unknown metal catalysts with only these two DFT
calculations, and we wanted to limit the number of metal descriptors to two. We note that
in the ML model validation process, the adsorption energies of CH3CH are used in the TS
predictions and, therefore, should also be considered as metal descriptors. However, here
its value is from adsorption GP model predictions that use G CHCHCO and G_OH as
input, we thus did not consider it as a necessary metal descriptor since it correlates very

well to the two descriptors through the GP model.

Figure 6(a) illustrates the activity as a function of G CHCHCO and G_OH in the
limit of zero conversion. Generally, most studied metals in this work are not located in the
most active region. However, a pronounced activity maximum for the HDO of propanoic
acid is found, and the Rh(111) surface appears to be the most active (111) surface among
the studied metals. Figure 6(a) furthermore suggests that bimetallic alloying could be a
possible approach for increasing the activity of a metal catalyst. For instance, Re or Ru have
a relatively strong OH and CHCHO binding energy compared to Rh, adding Ru or Re, i.e., forming
a Ru-Rh/Re-Rh bimetallic alloy or single metal alloy, the OH and CHCHO binding will most likely
be stabilized on a Rh surface and shift Rh-based catalysts to a high activity region on the volcano
plot. Thus, a Ru-Rh or Re-Rh catalyst could be an optimal catalyst that binds both CHCHCO and
OH optimally. Interestingly, even though we only studied (111) surfaces in this work, the
descriptor values of Pd(100) place this surface close to the top of the activity curve. This
is interesting as it agrees very well with our previous DFT study that showed that the
Pd(100) surface is much more active than the Pd(111) surface for the HDO of propanoic
acid.®? It appears that our model can, to some extent, extrapolate to other surface facets

even though our database and ML models are based on (111) surface data only. Fig. 7



illustrates the formation rates towards the various primary products, propionaldehyde,
propanol, decarbonylation and decarboxylation products in the limit of low conversion.
Propionaldehyde has the highest formation rate (highest selectivity) on all metal catalysts
in the limit of low conversion, which agrees well with our recent experimental study on the
HDO of propanoic acid over Pt catalysts®>. Some DCN products and propanol can also
form, but they are negligible compared to propionaldehyde formation. The DCX path is

never favored on any metal catalyst.

Next, we analyzed how our results change when increasing the conversion to 5-
10%. Specifically, aldehyde production is thermodynamically less favorable than alcohol
or alkane production in the presence of hydrogen. Thus, increasing the conversion even by
a small amount can substantially change our observations. We developed a CSTR reactor
model for this purpose. Section S8 in the SI describes the model equations. Figure 6(b)
illustrates the activity plot at practically meaningful conversion, and Figure 8 displays
corresponding rates to aldehyde, alcohol, decarbonylation, and decarboxylation products.
As expected, rates are lower at higher conversion rates except for alcohol production and
decarbonylation. Propanol and decarbonylation pathways can follow from propanal. Thus,
once propanal is produced, it can readsorb and be converted to alkanes and alcohols. We
also observe that the peak propanoic acid conversion shifts to higher adsorption energies
for CHCHCO. Overall, the Rh(111) surface and the Pd(100) surface remain active for
converting propanoic acid. At 5-10% conversion, propanal, propanol, and, to a lesser
degree, DCN products are produced. While this does not 100% agree with experimental
and computational observations that the Pd(100) surface primarily produces
decarbonylation products®?, some level of deviation is expected given that the heat map is
generated by a reactor model parameterized by GP predicted energies and not direct DFT
calculations and that the lateral interaction model is developed as an average lateral
interaction model of 6 metal surfaces. Nevertheless, the rate difference between
decarbonylation and alcohol production is not large for Pd(100), and qualitatively, the trend
that metals such as Ru, which have a stronger binding energy for OH, favor alcohol

production while Pt and Pd favor more alkane production is reproduced by our model.

Considering that Rh and Pd are active in dehydroxylation (high primary
propionaldehyde selectivity) and that Re and Ru are active in propionaldehyde



hydrogenation, we can conclude from our model that a Rh (Pd)-Ru (Re) alloy system could
have a very high activity and selectivity towards propanol production. Next,
decarboxylation is practically not observed by our model. Still, alkane production through
DCN can be optimized when starting with Pd and Pt catalysts and doping them with an
element that does not strongly bind oxygen species such as OH but increases the binding
energy for carbon species such as CHCHCO. For instance, Ir could be a promising dopant
as it binds O moderately, but binds C much stronger than O%. While not a doping strategy,
Pt(100) is likely also more active than Pt(111) and should display a good selectivity to
alkanes. The overall reaction trend of carboxylic acid deoxygenation to an aldehyde
followed by alcohol or alkane production agrees very well with our recent experimental

study of the HDO of propanoic acid over a Pt/SiO; catalyst®3.
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the adsorption energies of CHCHCO and OH, respectively. The reaction conditions are T
=473 K and partial pressures of 1 bar for propanoic acid, 0.1 bar for H>, and 0.001 bar for
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Figure 8. Theoretical reaction rate maps for the DCX path, DCN path, propanol and
propionaldehyde production during the HDO of propanoic acid over transition metal
surfaces for a CSTR model at a conversion of the reactant of 5-10%. The reaction rates are
determined as a function of CHCHCO and OH adsorption energies, respectively. The
reaction conditions are T =473 K and partial pressures of 1 bar for propanoic acid, 0.1 bar
for Hy, and 0.001 bar for CO.

4. Summary

We proposed a framework of machine learning (ML) accelerated first-principles
calculations to reduce the computational effort for studying the complex reaction network
of biomass molecule conversions. As a model system, we studied the HDO of propanoic
acid over transition metal surfaces. The MKM uses ML predictions for both the adsorption
free energies and transition state free energies of the various species. The MKM is
iteratively improved by identifying the RDS, computing the rate-controlling species and
transition states from DFT, and re-parameterizing the MKM until all the RDS are
calculated by DFT. To predict the adsorption energies of reaction intermediates, the GP
and ridge regression models are used since we previously found these two models are
among the best non-linear and linear ML models in predicting adsorption energies. GP is

found to perform better than ridge regression with smaller prediction MAESs, and based on



the predicted adsorption energies, ML models are built and optimized to predict the TS
energies. Besides the GP and ridge regression models, the TSS, which works very well in
small molecule reactions, for instance, CO, CHa, Ha, etc., is also used in predicting the TS
energies. GP is still found to be the best model, while TSS predictions have the largest
MAEs, ranging from 0.338 eV to 0.675 eV, demonstrating that TSS is not an appropriate
model for TS in biomass conversion reactions. With the ML-predicted energies, two
different approaches are used to parameterize the MKM, namely the retraining and non-
retraining approach. For the retraining approach, the identified RDS from each MKM cycle
are calculated by DFT and then added to the database to retrain the ML model giving new
energy predictions for the various states in the MKM. In contrast, for the non-retraining
approach, the ML model is not retrained and only the free energies of the RDS is updated
in the MKM by the DFT calculated free energies. The non-retraining approach based on
GP predictions is found to be far superior to the retraining approach for the small reaction
network of the DCN and DCX network. Here, it only needs to calculate 5-20% of the states
in the full reaction network to correctly predict the activity (TOF) of the metal surface and
identify the dominant reaction mechanisms and RDS at DFT-level accuracy. For a larger
reaction network which includes alcohol and aldehyde production, the prediction quality
of the retraining approach improved; however, more DFT calculations were needed when
retraining the ML models. We therefore conclude that retraining does not benefit the
overall efficiency for most computational catalysis problems. Since the adsorption free
energies and the TS free energies are essential for MMK and they are all from ML, we
explored the accuracy of which set of free energies is of greater importance in the
determination of a catalyst’s activity (TOF). Specifically, we provided the MKM with
either full set of DFT-calculated adsorption free energies or TS free energies and ML-
predicted energies of the other. The model with full DFT-calculated adsorption free
energies showed a much better performance, predicting more accurate TOFs and RDS
while requiring fewer DFT calculations, demonstrating the greater importance of accurate
adsorption free energies. Finally, we built activity and selectivity volcano plots for the
HDO of propanoic acid over metal catalysts from GP model predictions using Gon and
GcHcnco as the metal descriptors. Based on the volcano plot, we provide suggestions for

improving the activity and selectivity to specific products through alloying.
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