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ABSTRACT: Computational design of high-quality catalysts targeting
specific operation conditions is a challenging task due to the
mechanistic, structural, and environmental complexities across multiple
length and time scales. A multiscale method of a catalyst design linking
ab initio calculations, microkinetics, and multiphysics modeling was
proposed to address this challenge. The chemistry-based analytical
model derived from a microkinetic model assisted by first-principles-
based deep neural networks efficiently bridged zero Kelvin ab initio
microscopic descriptors and multiphysics modeling. We applied the
multiscale method to the design of carbon-resistant steam methane
reforming catalysts, successfully identifying a few cost-efficient bimetallic
alloys for CH, internal reforming solid oxide fuel cells. The multiphysics
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modeling demonstrates that catalysts of relatively low activity such as NiZn are actually beneficial for fuel efhiciency, highlighting the

importance of the multiphysics model for a multiscale computational catalyst design.

B INTRODUCTION

Catalyst design is a complex, multidimensional, and multiscale
task as the microscopic catalytical processes are intimately and
dynamically coupled with evolving meso- to macroscopic
environments in a reactor or an electrochemical cell.'™ In
recent decades, the first-principles-based multiscale framework
that combines ab initio calculations, microkinetics, and reactor
modeling is emerging as a promising path to an advanced
catalyst design under given operation conditions.”® However,
the implementation of a microkinetic model into a multi-
physics model to fully couple the reaction network and various
transport processes (e.g., heat, mass, and charge) in a reactor/
cell® remains challenging and rarely reported. Moreover, time-
consuming ab initio calculations of microscopic descriptors
(such as adsorption energy) are the main bottleneck for high-
throughput computational catalyst screening.

Recently, the energy scaling relation as the central concept
for the design of descriptors of reactivity and selectivity has
been combined with the d-band model to accelerate the search
of new catalysts."” However, the d-band model is reasonably
accurate only for a subset of alloy materials that have relatively
small perturbations to the host metals.® Some machine learning
augmented methods have been found to be cagable of
overcoming the limitation of the d-band model.”™"* Adding
features other than the d-band parameters as descriptors are
found to improve the accuracy and predictive power of the
machine learning method."”™'> While the conventional
machine learning methods show exceptional power in the
catalyst design,””'* the exploration of those specially designed,
sophisticated descriptive features is cumbersome and time-
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consuming. Moreover, these features are often too specific and
non-universal. Deep neural networks (DNNs) have multiple
hidden layers that allow the neural network to learn features of
the data in a so-called feature hierarchy.'® As simple features
recombine from one layer to the next to form more complex
features, the input features in DNNs can be simple and very
general. DNNs have been widely applied to address questions
such as crystal structure prediction and prediction of molecular
excitation spectra.”‘18 In this work, we incorporate DNNs in a
multiscale framework to realize cost-efficient materials screen-
ing.19_21

Here, a multiscale method merging top-down and bottom-
up approaches was developed for the catalyst design, in which
a chemistry-based analytical model serves as a crucial nexus
efficiently bridging microscopic descriptors and multiphysics
modeling, and first-principles-based deep neural networks
(DNNs) were applied to rapidly predict needed descriptors.
Using steam methane reforming (SMR) as an example, we first
derived an analytical reaction rate equation based on a
microkinetic model (top-down). Combined with the linear
scaling relationship, the analytical model, without a priori
assumption, clearly revealed that C* and O adsorption
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energies are key microscopic descriptors for experimental
volcano plots and has explained seemingly a contradictory
activity order of transition metals. To reduce the computa-
tional cost for first-principles-based high-throughput screening,
we developed two DNNs that allow quick estimations of C*
and O* adsorption energies using only basic elemental
properties of bimetallic alloys. Three highly active, low-cost,
coke-tolerant, and environment-friendly catalysts, Ni;Ga,
NiZn, and CoGa, were identified by screening through a
large database of bimetallic alloys, and detailed DFT
calculations further confirmed their catalytic performances.
Finally, as the last step of the bottom-up approach to an
industrial catalyst, the analytical model was implemented into a
multiphysics model, which demonstrated that NiZn, though
being less active, turned out to be a better catalyst for an
internal reforming solid oxide fuel cell (SOFC).

B WORKFLOW

We first illustrate the general workflow of the multiscale
method for the catalyst design developed in this work. As
shown in Figure 1, our starting point is an accurate
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Figure 1. Schematic of the multiscale catalyst design merging top-
down and bottom-up approaches.

microkinetic model based on adsorption energies computed
with density functional theory (DFT) and rate constants
estimated with the transition state theory. A rate equation is
then derived from the microkinetic model, which leads to a
simpler, thus more efficient analytical model that depends on
microscopic descriptors (adsorption energies) without ad hoc
assumptions. The validity of the model is confirmed by
comparing experimental and theoretical reactivity volcano
curves. DNNs trained from a database of DFT results are then
developed for rapid predictions of adsorption energies. In the
bottom-up approach to new catalysts, the high-throughput
materials screening subjected to multiple practical constraints
(e.g., costs and environmental friendliness) is carried out using
the DNN-assisted analytical model. The identified catalysts are
further tested in a multiphysics model, eventually leading to
the best catalyst for considered operation conditions. The
chemistry-based analytical model plays a central role in this
multiscale method: it helps us to identify easily calculable
descriptors in the top-down workflow while efficiently bridging
zero Kelvin DFT quantities to working catalytic performances
in a reactor or cell.

B METHODS

DFT Calculations. DFT calculations were carried out with
the plane wave computational software of the Vienna ab initio
simulation package (VASP),”™*° together with the exchange-

correlation functional of OptB88-vdW.”**” The projector-
augmented wave (PAW) method”®*” was used to describe the
electron—ion interaction between core ions and valence
electrons. The wavefunctions of valence electrons were
expanded in plane waves with an energy cutoff of 380 eV. A
3 X 3 unit cell with a three-layer slab and a vacuum region of
10 A thick was used. The Brillouin zone was sampled by a 5 X
5 X 1 Monkhorst—Pack k-point grid. All geometries were
optimized using an energy-based conjugate gradient algorithm
until the ionic energy was converged below 1 X 107° eV/atom
and the electronic energy below 1 X 107° eV/atom. The
climbing image nudged elastic band (CL-NEB)*>*' and
dimer’® methods were used to find the minimum energy
path and the transition state.

Database Building and Deep Learning. All binary alloys
constituting 59 non-radiative metal elements with a 1:1
composition ratio combination were considered. The most
stable structures of the 59 X (59 — 1)/2 = 1711 binary alloys
were obtained from the Novel Materials Discovery (NOMAD)
repository.33 The largest portion of the structures, 400 out of
1711, belongs to the space group of 211 or the prototype of
CsCl. This structure was therefore designated as the reference
for the 1:1 binary alloy in this work, and these 400 alloys were
used to construct the training database.

the adsorption energies of C* and O* on the low-energy,
closest-packed (101) surfaces of the 400 alloys of the CsCl-
type structure were calculated by considering the six possible
adsorption sites, as shown in Figure 2. The training database

Figure 2. Six adsorption sites on the (101) surface of the CsCl
prototype.

was then obtained by excluding anomalous results, i.e., due to
highly distorted alloy surfaces or adsorbates moving inside the
alloy or far away from the surface.

Considering the two adsorbates of C* and O* on six
adsorption sites for each of the 400 alloys, there are a total of
4800 adsorption energy computations. Two types of
calculations for each of the 400 adsorption cases were
performed. The first assumed fixed positions for all alloy
atoms. The second allowed the surface layer of the alloy to
relax. Excluding the abnormal results described above, there
were a total of, respectively, 2161 and 1973 data for the
adsorption energies of C* and O* from calculations of the first
type. The data set is referred to as data set 1. Similary,
calculations of the second type lead to data set 2 containting
953 and 892 adsorption energies of C* and O¥, respectively.

The DNN was built bZ the deep learning library of Keras
running on TensorFlow.”* After a large number of manual trial
and error optimization of hyperparameters, the DNNs in this
work used the following parameters: the number of neurons of
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the input layer is 21, including 10 features for each of the two
elements and the coordination number of the adsorption site;
the 10 features of each element are the numbers of s-, p-, d-,
and f-electrons, the first and second ionization potentials, the
electron affinity, the covalent radius, the main valence state,
and the row number of the element in the periodic table; there
are eight hidden layers with a width of 20; to avoid overfitting,
regularization methods, dropout and early stopping, were
employed in our training, and the first hidden layer is a
dropout layer with dropout rates of 0.2 and 0.3 for C* and O%,
respectively; the activation function of the input and hidden
layers is the exponential linear unit (ELU);** the output layer
is a linear neuron that exports the adsorption energy of C* or
O*; the mean absolute error (MAE) was used as the loss
function; the optimization algorithm of AdaMax’ was
adopted; the learning rate is 0.004. When training the
DNNs, the ratio of the training and validation data is 3:1,
corresponding to 1621 (1480) adsorption energies as the
training data and 540 (493) as the validation data for C* (O*)
when trained in data set 1. The DNNs were first trained by
data set 1 and then trained by data set 2. Furthermore, the C*
and O* adsorption energies of all alloys were predicted using
the average of 10 trained DNNS, and the lowest value of the six
sites was selected.

Screening Criteria. All alloys were screened based on the
criteria of activity, material cost, environmental friendliness,
and stability in turn. First, only the alloys with SMR activity
higher than that of Pd were picked. Second, for industrial
applications, it is often necessary to limit the price of the
catalyst. Therefore, the average price was used to estimate the
cost of the alloy, assuming that the cost is independent of the
preparation process but only depends on the cost of the
constituted metals. Reference to the general cost of YSZ in a
classic SOFC, alloys with the price exceeding $1400 per kg
were abandoned. Third, to ensure environmental friendliness
and safety, the alloys containing harmful heavy metals (such as
Hg and Pb) were also excluded. Last, the ability of two
elemental metals to form a stable alloy was considered. The
stability was described by the alloy’s formation energy E;. The
formation energy of an alloy was defined as

Ep = Ejoy — mEy — ngEy

where E,,, is the DFT calculation energy of the alloy and n,
and E; (i = A and B) are the molar ratio and the DFT-
calculated energy, respectively, of the individual metal i.
According to this definition, the more negative the value, the
more stable the alloy. In this work, only alloys with a formation
energy of less than 0 eV per unit cell were considered to be
potentially stable.

Multiphysics Model. This multiphysics model was
constructed by the CFD software, FLUENT, supplemented
with in-house developed external subroutines.”*® A 120 mm X
120 mm X 21.5 mm five-cell SOFC stack was built, fuel and air
streams were separated by a solid region consisting of the
typical positive electrode-electrolyte-negative electrode assem-
bly in every cell of the stack, and every cell contained 30 fuel/
air channels. This 3D model took into account the coupled
physical processes of mass, charge, and heat transport, and
chemical and electrochemical reactions. The velocity of the
fuel inlet was 0.5 m/s, CH4;:H,O was 3:1, the velocity of air
flow was 2 m/s, and the temperature was 1023 K. The mesh
independency is shown in Figure S1 in the Supporting
Information, and the computational cost for the 3.8 million

mesh used in this case is about 16 CPU hours. More details of
the model geometry, boundary conditions, and governing
equations can be found in our previous works.>*°

B RESULTS AND DISCUSSION

Analytical Model Derived from Microkinetics. The
microkinetics is generally based on dozens of elementary
reactions.”” The rate-limiting mechanism(s) was often
concealed by the complex reaction network,*® which obscures
the knowledge of the reactions and hinders the rational catalyst
design. Moreover, it is numerically challenging to couple
dozens (even hundreds) of differential equations of a
microkinetic model with a multiphysics model, preventing
the performance prediction of catalysts in practical applica-
tions. So, a cost-efficient analytical model that captures the
main chemistry of a microkinetic model is the key to the
multiscale catalyst design.

A detailed study on the microkinetics involved in the SMR
reaction was reported in our recent work,>’ and the major
pathway that consisted of two rate-determining steps (CH, +
2% —» CH;* + H* and CH* + O* — CHO¥* + *) obtained by
the flux analysis is

k, k
CH, = CH} & CH} & CH* = CHO* & CO* & CO
(1

Here, 2 indicates a reversible step, < indicates a quasi-
equilibrium step, and — indicates an irreversible step.
Specifically, except for the CH, decomposition step (k;/k_)
and the CH* oxidation step (k,), all the other steps can be
considered at equilibrium. According to eq 1, the rate
expression is (see derivations in eq S2)

Ef
Ayexp ( _E>PCH4

ey, =
o e Y (L H 1) Q)
where
EO* PH (e]
Tor = AO*eXP(_ RT )P—
HZ
and
Yo =
1

3/2 a a
Ecy+ \ Py E!—E{—Eo+\ Pupo
ACH*eXP< RT ) + ACH*+0*eXP T —

Pen, PuyPen,

are the ratios of O* and CH* coverages to active sites,
respectively. ¥, = A@xp(%;ﬂi_E‘Q)PHLS/2
the effect of the rate-determinig step of CH* oxidation. A is
a T-dependent parameter, P; is the pressure of gas i, E,, is the
adsorption energy of species m, defined as E,, = E,, o« — E,, —
E,.p and E{ is the activation energy of reaction n. As shown in
eq 2, the reaction rate of CH, is dependent on working
conditions (e.g, temperatures, pressures, and gas composi-
tions), two activation energies (E{ and Ef), and two adsorption
energies (Eg« and Ecy«). So, the volcano relationship of the
reaction rate with adsorption energies of C-based and O-based
species is interpretable: a too strong adsorption of O* (CH*)
will decrease the reaction rate due to the increased value of 7
(ycu+); low coverages of O* and CH* caused by weak

quantifies
H0
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Figure 3. SMR activities as a function of C* and O* adsorption energies with the scale of log;,[rCH,(molecules/site/s)]. All group VIII metals are
face-centered cubic, except Co (hexagonal close-packed). SMR activities calculated at (a) T = 833 K, Pyj,o:Pcyyy: Py = 20:5:2 taken from ref 41. (b)
T =773 K, Pypy0:Pcy = 3 taken from ref 42. The ordering of experimental SMR activities is Rh > Ir > Ni > Pd ~ Pt in panel (a) and is Rh > Ni > Ir

> Pd ~ Pt > Co ~ Fe in panel (b).

adsorptions will also decrease the reaction rate, as reflected by
the increased value of g, in the denominator of eq 2. So, only
catalysts with moderate adsorption energies of O* and CH*
will exhibit %reat reactivity. According to the linear scaling
relationship,””** Ef, E, and Ecy» can be linearly expressed by
the adsorption energies of C* and O* (see Figure S2).
Therefore, our simple yet rigorous analytical model naturally
led to two microscopic descriptors for SMR catalytic activity.

We then used the analytical model to construct the volcano
plot that compares the activity ordering of typical transition
metals for SMR. It was found in experiments that the activity
ordering of Ir and Ni depends on operation conditions
sensitively.*"** Figure 3 shows the theoretical volcano plots of
group VIII metals under two different experimental conditions,
agreeing well with available experimental data. The analytical
model offered an intuitive explanation of the condition-
dependent activity ordering: a higher ratio of H,O:CH, will
drive the volcano top moving toward metals with weaker O*
adsorption energies as too much H,O will cause the flooding
of surface O*. The experiment-theory agreement not only
emphasized the necessity of a predictive condition-dependent
model for the catalyst design but also validated the use of C*
and O* adsorption energies as the descriptors for SMR
activity.

Activity Prediction Assisted by Deep Learning. In this
study, we focused on binary alloy Ay sB,s composed of metals
A and B selected from 59 non-radiative metals. Even for this
relatively simple composition, there are a total of 1711 alloys,
requiring considerable computing resources for full ab initio
calculations of descriptors. To address this issue, we
constructed two DNNs that take in only basic element
features (such as s-, p-, d-, and f-electrons) and output C* or
O* adsorption energies. The mean absolute errors (MAEs) of
the DNNs are 0.21 and 0.18 eV (the root mean square error is
about 0.25 eV) for C* and O* adsorption energies,
respectively, over an energy window from —10.0 to —1.0 eV,
as shown inFigure S3 , indicating a satisfactory accuracy
needed for high-throughput screening of the remaining alloys.
In comparison, the predictive root mean square errors for CO
and OH adsorption energies of a d-band-based machine

learning model are about 0.22 and 0.24 eV, respectively, over a
narrower energy window from —2 to 2 eV."" It is noted that
the DNNs developed in this work only require the knowledge
of basic element features yet still resulting in an accuracy
comparable with other machine learning-based methods that
require sophisticated feature engineering and/or time-consum-
ing calculations of features (e.g, d-band properties).'”"" We
believe that current DNNs can be further improved to cover
metal alloys over a wider composition range.

The DNN-predicted adsorption energies serve as inputs for
the analytical model, allowing rapid estimations of activities of
all AgsBys alloys under any given operation conditions. We
show in Figure 4a the activity distribution of all binary alloys at
a temperature of 600 °C, a flow pressure of 1 atm, a steam-
methane ratio of 2:1, and a methane conversion of 50%. We
found that 88 A, 3B alloys possess higher SMR activities than
Pd, among which 90% of them contain group VIII metals with
the rest of the alloys containing Mo, Cr, or Re. This finding is
consistent with the general understanding that group VIII
metals are good SMR catalysts.

Pursuit of Coke-Resistant Industrial Catalysts. The
DNN-assisted analytical model identified dozens of highly
active alloys. We further screened these new catalysts by
considering other desirable properties for an industrial catalyst
such as cost, environment friendliness, and stability. After other
rounds of screening, seven alloys remain, i.e., CoGa, CoSn,
CoZn, CoNi, NiZn, FeGa, and FeSn. The detailed screening
process is listed in Table S1, and the activities of these alloys
are highlighted in Figure 4a.

The coke deposition on conventional Ni-based catalysts is a
well-known issue causing catalyst failure.”” So, the coke
resistance is also an essential feature of industrial SMR
catalysts. Catalysts comprising SMR-active (Ni) and SMR-
inactive (Au, Ag, and Cu) metals have proven to be coke-
resistant.”’ Therefore, except for the CoNi alloy that consists
of two SMR-active metals reportedly prone to carbon
deposition,””*” the remaining binary alloys comprising one
SMR-active metal (Fe, Co, and Ni) and one SMR-inactive
(Zn, Ga, and Sn) metal are likely to be coke-resistant. As a
reasonable extension, besides the six highly active catalysts
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Figure 4. Alloy screening based on the DNN-assisted analytical
model. The contour plot of SMR activity as a function of adsorption
energies of C* and O* is calculated at a temperature of 600 °C, a flow
pressure of 1 atm, a steam-methane ratio of 2:1, and a methane
conversion of 50%. (a) Screening results of 1711 binary alloys. The
black circle is the reference metal (Pd), and the crosses represent
recommended alloys with desired properties for industrial catalysis.
Alloys abandoned in the screening due to low activity (white circles),
high cost (the cyan squares), containing heavy metals (blue lower
triangles), and instability (green upper triangles) are also labeled. (b)
Search alloys beyond the Ay Bys composition with the activity
interpolation method. The crosses represent high-activity alloys
known in experiments: CoGa,43 CoSn, 4 CoZn,45 NiGa,46 NiSn,47
NiZn,"® and FeSn.* Alloys less active than Pd are indicated by white
circles with black edges.

(CoGa, CoSn, CoZn, CoNi, NiZn, FeGa, and FeSn) obtained
directly from the screening, we also considered three
complementary bimetallic alloys, NiSn, NiGa, and FeZn. In
summary, the nine alloys constituted by (Fe, Co, and Ni) and
(Zn, Ga, and Sn) were considered promising coke-resistant
catalysts.

Our screening results are consistent with experimental
observations. For example, the SMR catalytic activities of NiSn
and NiZnAl and their abilities to resist carbon deposition have
already been confirmed in experiments.”* >° Additionally,
there were reports demonstrating the activities of NiZn and
NiGaMg in the hydrogenation of acetylene’” and ethanol
steam reforming,”® respectively. These experiments are direct
verifications of our multiscale catalyst design.

So far, we only focused on AysBys. Following ref 59, we
further used an activity interpolation method to study binary
alloys over a wider composition range based on the nine
Ay 5By s alloys identified previously. Eleven binary alloys of high

shown in Figure 4b. In particular, CoGa, NiZn, and Ni;Ga
possess wide ranges of homogeneity (the properties of alloy
phases are summarized in the Table S2), suggesting an easy
synthesis of these compounds,”’ and are also stable at high
temperatures above 1000 °C.***

Reconfirmation with DFT. The SMR activity and coke
resistance of CoGa, NiZn, and Ni;Ga were confirmed by
detailed DFT calculations using typical catalysts, Pb and Ni, as
references. The catalytic activity depends on the oxidation of
CH*, which is the rate-determining step of SMR. As shown in
Figure Sa, the lower activity of Pt is caused by the higher
activation energy (E,) of CH* + O* — CHO¥, and based on
the value of E,, the activity ordering follows CoGa (2.54 eV) ~
Ni;Ga (2.63 eV) ~ Ni (2.67 V) > NiZn (3.18 €V) > Pt (3.45
eV). On the other hand, the carbon tolerance of a catalyst
depends on the activation energy of C, formation,”" as shown
in Figure Sb. We found that Pt is more resistant toward carbon
deposition than Ni, agreeing with experiments.“’62 The
ordering of carbon resistance is CoGa (2.06 eV) ~ NiZn
(1.99 eV) ~ Pt (1.94 €V) > Ni;Ga (1.77 eV) > Ni (1.09 V).
Considering both activity and coke resistance, CoGa and
Ni;Ga are better catalysts than NiZn. However, as we will
demonstrate below, the catalytic performance under operation
conditions should also be accounted for when selecting the
best catalyst.

Multiphysics Model. We found that the activity of NiZn is
significantly lower than Ni, Ni;Ga, and CoGa. Does this mean
that the latter three catalysts are always better than NiZn? The
answer is condition-dependent. The CH,-fueled SOFC directly
converts the chemical energy of CH, into electricity, in which
SMR occurs in the anode. The internal reforming CH,-fueled
SOFC offers high energy conversion efficiency. As the final
step of the multiscale catalyst design, we coupled the analytical
model with a multiphysics model of the internal reforming
SOFC stack, as shown in Figure 6a, to evaluate the
performances of Ni and NiZn in actual conditions. As the
activites of Ni;Ga and CoGa are comparable with that of Ni,
we expect that these two alloys will have performances similar
to Ni.

Surprisingly, although the activity of NiZn is only 1% of Ni
at 1023 K, the power density of the NiZn-catalyzed SOFC is
about 20% higher than the Ni-catalyzed SOFC (Figure 6b).
The outperformance of NiZn comes exactly from its relatively
low activity. As shown in Figure 6c, the excessive reforming of
CH, in the Nij-catalyzed SOFC stack adsorbed too much heat,
and a strong endothermic zone formed near the fuel inlet such
that the endothermic and exothermic areas are separated.
Consequently, the electrochemical heat from the hydrogen
oxidation cannot be used by endothermic SMR, which reduces
the electricity output. In contrast, in the NiZn-catalyzed
SOEFC, as shown in Figure 6d, the lower SMR activity gives rise
to a much smaller temperature gradient and thus a higher
energy conversion efficiency. Moreover, a more uniform
temperature distribution across the stack (from inlet to outlet)
is beneficial for fuel cell stability and lifetime under practical
conditions.” As a result of our multiscale catalyst design, NiZn
is recommended as the catalyst for the internal reforming
SOEC. These results highlight the importance of the multiscale
catalyst design that incorporates multiphysics modeling.

https://doi.org/10.1021/acs.jpcc.1c01632
J. Phys. Chem. C 2021, 125, 10860—10867


http://pubs.acs.org/doi/suppl/10.1021/acs.jpcc.1c01632/suppl_file/jp1c01632_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.jpcc.1c01632?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpcc.1c01632?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpcc.1c01632?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpcc.1c01632?fig=fig4&ref=pdf
pubs.acs.org/JPCC?ref=pdf
https://doi.org/10.1021/acs.jpcc.1c01632?rel=cite-as&ref=PDF&jav=VoR

The Journal of Physical Chemistry C

pubs.acs.org/JPCC

4.0 - .
Ni.Ga % AL o
351 CoGa - [—
. —
.30+ ——NiZn + J \
% 25 — ]| E /{ — \‘
; e P TSCH£+2‘4»CH;+H' - _,’ ‘t\
%2.0 - b€ ) /" — \
c 15F ! cm—_ /
)
N l - =
> . ,ﬁ—\\ \_l,lll’
= L L* N 1 EA
% 0.5 O 'ﬂ/ \\\\\_‘Ilf
| —
[ 0.0 et A /
-0.5 .
( a
10+
" 1 1 1 1 L 1 1 1
™ * O S 3
X QX RV L
¢ Qt O
S O

(a)

25 - ) TSecrsc-
[ ——NiGa V-

20 CoGa Zaae S
e NiZn %

9 A % Y
s 1.5 | e N W b
~ P 2,” LA
> [ Pt o) —
910— 4 /, Vo
) S v
= ',/ - VW
Lg 05 K e vy
4 AN}

> I 4, \\‘\
— 00k & \
o v V \—
g "
va \

Yy N S—

3

O«
e
Q
<

(b)

Figure 5. SMR activity (a) and carbon tolerance (b) on Ni;Ga(111), CoGa(110), NiZn(110), Ni(111), and Pt(111) based on DFT calculations.
The H* in reaction CH* + H,0 — CH* + O* + 2H* is not shown in panel (a). C*:-C* indicates two isolate C* adsorbates, and C* + C*

indicates two carbons on two adjacent sites in panel (b).
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Figure 6. Ni- and NiZn-catalyzed multiphysics SOFC stack modeling. (a) Schematic of the five-cell SOFC model. (b) Current vs voltage (dash
lines) and power (solid lines). Temperature distributions (c) for the Ni- and (d) NiZn-catalyzed SOFC.

B CONCLUSIONS

We developed a multiscale method of the catalyst design
merging top-down and bottom-up approaches, in which
microscopic descriptors and multiphysics modeling are bridged
by an analytical model, and the descriptors are rapidly
predicted by first-principles-based DNNs. This method was
used to search for industrial SMR catalysts. The analytical
model clearly revealed that C* and O* adsorption energies are
key microscopic descriptors for SMR activity and explained the
seemingly contradictory activity order of transition metals.
Three highly active, low-cost, coke-tolerant, and environment-
friendly catalysts, Ni;Ga, NiZn, and CoGa, were identified

from a large database of bimetallic alloys, and their catalytic
performances were further confirmed by detailed DFT
calculations. Finally, the analytical model was implemented
into a multiphysics model, which demonstrated that NiZn,
though being less active, turned out to be a better catalyst for
the internal reforming solid oxide fuel cell (SOFC), high-
lighting the importance of the multiphysics model for the
multiscale computational catalyst design. We expect that this
method can be directly applied to other reactions, promoting

the design of new catalysts in the future.
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