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Exploring Optimal Water Splitting Bifunctional Alloy
Catalyst by Pareto Active Learning
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ll-Doo Kim, Woo-Bin Jung,* Won Bo Lee,* Yongjoo Kim,* and Hee-Tae Jung*

Design of bifunctional multimetallic alloy catalysts, which are one of the

most promising candidates for water splitting, is a significant issue for the
efficient production of renewable energy. Owing to large dimensions of the
components and composition of multimetallic alloys, as well as the trade-

off behavior in terms of the hydrogen evolution reaction (HER) and oxygen
evolution reaction (OER) overpotentials for bifunctional catalysts, it is difficult
to search for high-performance bifunctional catalysts with multimetallic alloys
using conventional trial-and-error experiments. Here, an optimal bifunctional
catalyst for water splitting is obtained by combining Pareto active learning
and experiments, where 110 experimental data points out of 77946 possible
points lead to effective model development. The as-obtained bifunctional cat-
alysts for HER and OER exhibit high performance, which is revealed by model
development using Pareto active learning; among the catalysts, an optimal
catalyst (Ptg;5Pdg 30Ruq 30CUg 25) exhibits a water splitting behavior of 1.56 V
at a current density of 10 mA cm~2 This study opens avenues for the efficient
exploration of multimetallic alloys, which can be applied in multifunctional

catalysts as well as in other applications.

1. Introduction

Water splitting has been attracting increasing attention owing
to its possibility of substituting conventional fossil fuels and
generating clean energy.'™ The overall reaction for water split-
ting is categorized into two half-cell reactions: hydrogen evolu-
tion reaction (HER)® at the cathode and the oxygen evolution

reaction (OER)® at the anode. Several
studies have reported the improvement
in the catalytic performance of each reac-
tion; still a simplified system as well as
improvement in the overall water split-
ting performance of a full cell have been
continuously  proposed.''*2  Moreover,
the use of different catalysts for HER
and OER can lead to cross-contamination
of catalysts, thereby affecting the overall
performance and stability of the reac-
tion.3 Therefore, bifunctional catalysts,
which can be applied for efficient HER
and OER, are investigated. Among var-
ious materials, multimetallic alloys such
as RuNiCo,™! IrNiCu,[™ AINiColrMo,"!
and CoFeLaNiPt/®l have showed high
performances. These multimetallic alloys
have been investigated considerably in
catalysis society due to several advantages.
Compared to monometallic catalysts,
multimetallic alloy catalysts demonstrate
an unexpected behavior or a synergistic
effect.l¥] In addition, expensive noble metals can be substituted
by cheaper non-noble metals while still exhibiting comparable
performance.?2 Meanwhile, few studies have determined the
optimal content of bifunctional catalysts by tuning their compo-
nents and composition.

For these reasons, finding an optimal balance between the
participating reactions, and thus designing multimetallic alloys
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as a truly bifunctional catalyst is a daunting task. However,
achieving the above goal solely by experiments is not feasible
because of the enormous size of the design space, given the
various components and compositions.[?>23l Thus, to obtain a
high performance bifunctional catalyst, it is crucial to efficiently
search for all of the possible components and composition of the
catalysts that can be fabricated. By conventional trial-and-error
method, it is impossible to determine an optimal catalyst due to
numerous possible combinations, which requires considerable
time and cost. Another complexity in the search for an optimal
bifunctional catalyst is that defining a single figure of merit to
be optimized is difficult and arbitrary.2*?°l A poorly designed
figure of merit would lead to significant bias of the search pro-
cess to a local subset of the design space, thereby hampering the
general exploration of the design space. Hence, an ideal solu-
tion is to locate the Pareto front, where the set of Pareto-efficient
solutions are not dominated by any other point; however, it is
more difficult to accurately address the multidimensional search
space considering the Pareto dominance relations.

Recent advances in computational techniques and the vast
expansion of computing power could be utilized to screen
candidates for their optimal composition and combination for
bifunctional catalysts. Electronic calculation methods, e.g., den-
sity functional theory (DFT), have been extensively employed
to calculate the adsorption energy of reactants on different
catalytic surfaces,?°?°] where scaling arguments have per-
mitted the concise prediction of activities of different metallic
catalysts. However, the computational costs associated with the
high-throughput screening of bifunctional multimetallic alloy
catalysts would easily increase on a formidable scale, especially
when the mixture is composed of nontrivial fractions where
the periodic unit cell used in DFT calculations should be sub-
stantially increased. Furthermore, the multimetallic alloy cata-
lyst surface is decorated by graphene-like carbon atoms, 303!
where they directly affect the catalytic activities of the electronic
structure which are difficult to calculate by conventional DFT
methods. Although DFT calculation results clearly provide key
insights into the activities of various surfaces of multimetallic
alloy catalysts, it is difficult to extend the simulation results to
the search of optimal compositions.

With respect to another aspect, computational methods can
be utilized more directly to guide the trial-and-error search for
an optimal composition of bifunctional catalysts. Instead of
calculating the electronic structures by first-principle methods,
black-box surrogate models that directly predict the catalytic
activities from experimental process parameters,3234 eg.,
mole fraction of metallic precursors, can be designed. Espe-
cially, if the models can evaluate the uncertainties of predic-
tions at given data points, the data points can be curated, where
an experimental trial would result in the maximal gain of
information: Such a machine-guided design of experiments is
often called active learning.’>3%! As can be demonstrated com-
putationally and experimentally, a well-designed model using
machine learning, especially active learning, can considerably
reduce the number of evaluations, thereby greatly accelerating
the search process.[?%39

Active learning is beneficial for several reasons. First, if the
experimental evaluation is expensive or time-consuming, the
potential reduction in the cost and time would considerably
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surpass the additional effort of implementing an active learning
framework. Second, if there are no theoretical or empirical rela-
tions to interpret the experimental behaviors, the black-box sur-
rogate model can provide a robust interpolation of data. For all
active learning models, searching for an optimal multimetallic
component and composition for bifunctional catalysts is an
ideal field to apply, and Pareto active learning, which is a mul-
tiobjective optimization method, is well-suited for this purpose.
As the electrochemical evaluation of alloys with noble metals
is both time-consuming and expensive, and currently, reliable
models for the prediction of the bifunctional catalytic activity of
multimetallic entropy alloys are not available, a new approach
with Pareto active learning should be proposed.

In this study, a Pareto active learning framework and carbo-
thermal shock (CTS) method were applied for nanoparticle syn-
thesis to efficiently determine optimal metallic compositions for
bifunctional catalysts of up to four component elements, which
can be utilized for HER and OER. The Pareto active learning
framework was built on two supervised learning models which
are Gaussian process regressors (GPRs), which works on a large
yet finite set of candidate compositions. At each iteration cycle,
the models predicted the overpotential, evaluated the uncertain-
ties of their own predictions, and suggested the composition to
determine the next round of experiments that should be con-
ducted. Guided by the two models, the uncertainty of the model
for HER and OER overpotential values was decreased. In addi-
tion, the search trajectory revealed consistent improvements
during the course of iterations, and the catalysts found within
the iterations exhibited high catalytic properties, exhibiting a
cell voltage of less than 1.6 V at a current density of 10 mA cm™.
In addition, this approach can be applied to search multifunc-
tional catalysts for use in reactions other than water splitting,
which can help to optimize the catalytic activity toward different
reactions. This approach can be extended even to searching
multimetallic alloys for multifunctional applications, such as
hydrogen storage, supercapacitors, and photocatalysts.[*’]

2. Results

2.1. Pareto Active Learning Model Construction

Figure la shows the overall workflow for exploring bifunc-
tional multimetallic alloy catalysts for efficient water splitting.
The workflow comprises two parts: 1) Experimental (synthesis,
test, and analysis) part and 2) Pareto active learning part. In
part (1) of the workflow, the catalysts were synthesized by the
CTS method, and the catalysts were electrochemically tested
to obtain overpotential data for the database that were used
to develop the predictive model. In part (2) following part (1),
based on the experimental data, two GPR models were trained
to predict overpotentials for all possible combinations of metal
elements for HER and OER, respectively. Then, each predic-
tion point underwent a classification process to determine the
points required from the experimental data. After classification,
new data points were requested for experiments by providing
information about the component and composition of the
candidates, where the component and composition were based
on the precursor solution. This process was repeated until a
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Figure 1. Overall workflow for the exploration of efficient bifunctional multimetallic alloy catalysts. a) Diagram showing the exploration of efficient
bifunctional multimetallic alloy catalysts. b) Experimental part and c) Pareto active learning cycle part of exploring efficient bifunctional multimetallic
alloy catalysts. Predicted data points are classified as discarded points, uncertain points, and Pareto front points. Discarded points are Pareto-dom-
inated by another point. Uncertain points are points that require further measurements to be confirmed as either discarded points or Pareto front
points. Pareto front points are points that are not dominated by other points.

significant fraction of the data space is classified as either “Pareto
front” or “discarded;” in this work, we stopped the iteration when
more than 75% of the data space was classified as “discarded.”
The detailed process of the experimental part comprised
the synthesis of the multimetallic alloy catalyst by CTS and
data collection after conducting electrochemical experiments
(Figure 1b). Here, multimetallic alloy catalysts were fabricated
by the CT'S method, which is a rapid and simple method to pre-
pare multimetallic alloy catalysts with few restrictions to metal
selection. Nanoparticles in a randomly mixed state regard-
less of the metal elements were prepared by only drop casting
a prepared metal precursor solution on the substrate and
heating afterward.[*! Thus, the CTS method is appropriate for
the investigation of multimetallic alloy catalysts. In this study,
eight elements, combination of noble and non-noble metals,
were used as metal elements for multimetallic alloy catalyst:
platinum (Pt),"! ruthenium (Ru),/¥! palladium (Pd),"*! nickel
(Ni),[*) cobalt (Co),P% copper (Cu),®°%>>3 tin (Sn),**>*! and
iron (Fe),”®*’] which are all known to exhibit activity toward
water splitting reaction by forming alloy. After the combination
of the elements from one to four (sC,, n =1, 2, 3, 4), a multi-
metallic alloy catalyst was synthesized as follows: preparing the
carbon nanofiber (CNF) as the substrate, loading the metal pre-
cursor solution, conducting CTS by the application of a DC cur-
rent to the substrate for Joule heating, and rapid cooling of the
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substrate to form a multimetallic alloy catalyst. After the multi-
metallic alloy catalyst was synthesized, the substrate was cut
and prepared for electrochemical experiments. Linear sweep
voltammetry (LSV) was conducted from 0.05 to —0.50 V versus
the reversible hydrogen electrode (RHE) for HER and from
0.91 to 2.01 V versus RHE for OER. Then, the overpotentials
of HER and OER were measured, where the overpotential of
HER was measured at 20 mA cm2, whereas the overpotential
of OER was measured at 10 mA cm™. Even though 10 mA cm™
is a conventional region to measure overpotential values, the
overpotential of HER was measured at 20 mA cm™2 due to the
usage of previous data done by this group.®

After the measurements, overpotential values were utilized to
develop a new model by Pareto active learning, which predicted
the HER and OER overpotential values (Figure 1c). The pre-
dicted HER and OER overpotential values were designated as
the x- and y-axes, respectively, and plotted in a 2D data space. A
specific example scheme of plotting 2D data space from each of
the overpotential data is shown in Figure S1 (Supporting Infor-
mation). In addition, the model predicted the overpotentials for
all the possible components and compositions of the catalyst,
including experimental data points, as well as the uncertainty
information. Then, all of the prediction points including experi-
mental data points were classified to determine whether the
prediction points belonged to three of the followings: discarded
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point, uncertain point, and Pareto front point. If the data point
was dominated by another point with confidence, it was classi-
fied as a discarded point, was omitted from the design space,
and was not suggested for further experiments in the subse-
quent iteration. On the contrary, if the data point was not domi-
nated by other points, it was classified as the Pareto front point.
If there was no conformational certainty of whether the data
point corresponded to any of the aforementioned points, it was
classified as an uncertain point, requiring the classification by
providing additional experimental data. These additional data
included updating the same points or even updating the nearby
points, because in active learning, other data points correlated to
a particular data point also could affect the uncertainty of a cer-
tain data point. Thus, additional data for the model update were
requested and added after the ongoing experimental procedure
step. Again, the model was updated with a new prediction, and
the prediction points were classified. By repeating this process,
a model update of the bifunctional catalytic system is possible.

2.2. Initial Construction and Iteration of the Model

Figure 2 shows the initial construction of the model and its
corresponding experimental results. First, the aforementioned
interplay of Pareto active learning and experiments started with
the initial information available to construct the initial model.
Hence, the initial database for Pareto active learning is pro-
vided as an input to the model to obtain an initial prediction
(Figure 2a). While constructing a model, it is better to have as
many initial databases as possible to obtain a relatively accurate
initial model. Previously, our group combined active learning
and CTS experiments to search for a high-performance HER

www.advmat.de

catalyst.’®] During the search of an optimal component and
composition of a multimetallic alloy, 98 experimental data
points were generated; the use of these data would be benefi-
cial to the overall Pareto active learning process. By contrast,
data for OER were not generated. Because it was necessary
to have some initial data of OER for the development of the
initial model, six random OER experimental data points were
obtained, from unary to quaternary components.

Figure 2b shows the model development process from the
initial model to the 1st model, where discarded points and
uncertain points were represented by gray and orange, respec-
tively. The initial database consisted of only six experimental
data points for the OER overpotential; hence, marginal infor-
mation is available on the structure of the data space. Further-
more, the initial database for OER was significantly biased,
including only compositions derived mainly from a Pt-Ru—Ni
ternary system with Fe and Sn added as the fourth element
for a quaternary system; significant in-batch variation was only
observed along the axes of Ru and Sn fractions (Table S1, Sup-
porting Information). Note that the initial experimental data for
OER were significantly biased, yielding length-scale parameters
of the trained GPR model as low as 10~ along the Ru and Sn
axes and extremely high on all other axes. This result implies
that the overpotential prediction of the model does not change
under the variation of precursor fractions other than for Ru and
Sn. From the limited training data, the model clustered the six
data points into four clusters depending on the fraction of Ru
and Sn, leading to four straight lines that are clustered with
respect to the fractions of Ru and Sn precursors (left model of
Figure 2b). On the other hand, the model provided a different
prediction related to HER due to the larger amount of unbi-
ased initial databases of HER compared with those of OER.
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Figure 2. Construction of the initial model for Pareto active learning and its corresponding experimental results. a) Initial databases for HER and OER.
Here, owing to the use of data from our previous study, the number of initial databases is biased to HER. b) Change in the initial model by adding data
to the model. The model requests high uncertainty points, and by adding experimental data, which is requested by the model, a new model is updated
by the classification of data into discarded and uncertain points. Here, discarded and uncertain points are colored as gray and orange, respectively.
c) TEM-EDS images of PtPdFeNi and PtPdFeSn in the Tst iteration. LSV curves for d) HER and e) OER in the 1st iteration.
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Then, all prediction points were classified, and the 10 highest
uncertainty points were requested for subsequent experiments
to develop the next model. The 1st iteration was conducted by
obtaining 10 experimental values for predictions, and the model
was updated drastically. As the developed model was at an early
stage, a considerable difference between the prediction points
and experimental data points was observed, evidenced by the
red arrows in the middle graph of Figure 2b. After adding
10 experimental data to the model, a new model was developed,
i.e., the 1st model, where both HER and OER predictions were
scattered inside the 2D data space due to newly gained unbi-
ased experimental data points related to OER. These data points
were represented by black circles. The newly predicted model
is shown in the right model of Figure 2b. The model distin-
guished between the discarded and uncertain points, where
points with high HER and OER overpotential values were clas-
sified as discarded points, and points relatively near the axes
were classified as uncertain points.

Figure 2c shows the transmission electron microscopy—
energy-dispersive X-ray spectroscopy (TEM—-EDS) image of the
fabricated catalysts for the 1st iteration. Multimetallic nanopar-
ticles were formed well by mixing, and the nanoparticles were
relatively even, i.e., 26.7 nm for PtPdFeNi (Pt 15Pd 45Feq 20Nig 20)
and 33.5 nm for PtPdFeSn (Pty15Pdg4s5Fe20Sn0.20) (Figure S2,
Supporting Information). In addition, the elements were well
mixed, forming a random alloy. The merged image confirmed
that the random alloy consists of every element used in the
metal precursor solution. After synthesis, electrocatalytic meas-
urements were conducted to determine the performance of the
catalysts by LSV measurements. By controlling the precursor
ratio of the catalyst, different overpotential values for HER and
OER were obtained (Figure 2d,e). Among the experimental data
points in the 1st iteration, PtPdFe (Pt 35Pd 4Fe ,5) exhibited the
best performance for HER, corresponding to an overpotential of

www.advmat.de

84.1 mV at a current density of 20 mA cm™2, and PtPdRuFe (Pt,,
15Pdg.45Rug y0Feq 20) exhibited the best performance for OER, cor-
responding to an overpotential of 373 mV at a current density
of 10 mA cm™. The above procedures were repeated for subse-
quent feedback of the experimental steps and the model devel-
opment steps to develop an accurate version of the model and to
explore high-performance bifunctional catalysts.

2.3. Development of the Model with Iteration

By adding experimental data points suggested by the model,
some changes to the model prediction were observed with the
progress of iteration. Figure 3 shows a specific process of the
Pareto active learning procedure from the 4th model to the 5th
model. First, the 4th model was developed by the addition of
30 more experimental data points from the Ist model
(Figure 3a). Here, black circles inside the model repre-
sented data points obtained by experiment from the 1st itera-
tion through the 4th iteration. Compared to the 1st model in
Figure 2b, the discarded points in the 4th model were clustered
more on the upper right side, where the catalysts were expected
to exhibit poor performance. Furthermore, the vacant space in
the 1st model in the bottom left side for the OER overpoten-
tial was filled with predicted data points due to the additional
update of experimental data points. After the classification of
the predicted data points, the requested data points, which
should be obtained by experiments from the next iteration,
were represented as red hollow circles, exhibiting the highest
uncertainty among points classified as uncertain points. These
requested data points were synthesized with the given precursor
component and composition, and their HER and OER overpo-
tentials were updated by electrochemically testing and analysis
(Figure 3b), and these experimental data points were represented
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Figure 3. Procedure of Pareto active learning in the 5th iteration and its corresponding model. a) Prediction of the 4th model with experimental data
(black circles). b) Ten points with the largest uncertainty rectangle area (red hollow circles) were sorted and suggested for experimental evaluations.
Measured HER and OER overpotentials at the suggested compositions were updated into the database with the results (red filled circles). c) The model
was retrained to update the predictions in the data space to obtain the 5th model. d) The 4th model and e) 5th model with uncertainty information,
respectively. The scale bars are in log scale, and the units of the numbers in the scale bar are mV?2. f) Value of the average uncertainty rectangle for the
4th model and 5th model. After 5th iteration, the average uncertainty rectangle decreased to =78% of the uncertainty of the 4th model.
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as red filled circles. Then, the next model (5th model) was devel-
oped with the added experimental data points from the 5th itera-
tion and classified (Figure 3c). Although only 10 experimental
data were added to the 4th model, the prediction in the 5th model
was changed, completely affecting the entire data space.

To compare the accuracy of the model before and after the 5th
iteration, an uncertainty rectangle area (uxy), which was defined
as the multiplied value for each axes (uxy = ux X uy), was also
depicted in the data space by the application of color to the data
points, as can be seen in Figure 3d,e. Here, high uncertainty of
the data points is represented as red, whereas low uncertainty
of the data points is represented as blue. Compared to the 4th
model where a majority of red dots were observed, the 5th
model exhibited a considerably lower uncertainty, with blue dots
dominating the data space. Notably, not only the color of the
updated data points or their surrounding parts changed but also
the uncertainty decreased for the regions where no additional
data points were added in the 5th iteration. This is because the
updated data points have affected points with similar compo-
nent and composition. Adding data points also affected points
that exhibited high uncertainty in the discarded point region,
thus decreasing the overall uncertainty of the model. Thus, after
the 5th iteration, the average uncertainty rectangle area (ux)
decreased to =78% of the value of the previous model (Figure 3f).
By only adding 10 experimental data which showed the highest
uncertainty in the uncertain point region, the overall uncertainty
of the model significantly decreased.

www.advmat.de

It should be noted that GPR models are in principle not
able to extrapolate in the data space. However, since the design
space is restricted to the hyperplane in an 8D space of com-
positions, it is intrinsically bounded and can be explicitly enu-
merated. When provided with a sufficiently dense training data
in the design space, the problem is essentially an interpolation
problem to deduce overpotential of an unseen point from the
data of the measured points. In the early stage of the active
learning loops, the training data are sparsely distributed and
the model prediction does not show statistically better perfor-
mance than random sampling. However, as training data accu-
mulate in the later stage of learning, the model acquires dense
enough data points performing reliable interpolations from
nearby measurements, where the model suggestion turns out
to be relevant for the search of Pareto-optimal points.

2.4. Final Developed Model after Pareto Active
Learning Iterations

After 6 more cycles of Pareto active learning from the 5th model,
a meaningful plateau in the number of points classified as dis-
carded points was observed. After 11 iterations from the initial
database, where 110 experimental points were added out of 77946
prediction points, the Pareto active learning procedure was ter-
minated, and the result was analyzed (Figure 4). First, all of the
models were depicted, as shown in Figure 4a and Figure S3
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Figure 4. Final result of the Pareto active learning and characterization of the catalyst. a) Result of the Pareto active learning model for each step and
the corresponding data points. The 11th model, which is the final model developed in this study, is plotted with HER and OER overpotential axes.
b) Uncertain ratio of the model according to model number. c) Averaged overpotential values of the lowest top 10 accumulated data points after each
iteration for HER, OER, and summation of the overpotential values. Lowest top 10 values suggested by the model are also plotted. d) LSV curve of
HER and OER for the top three catalysts discovered in the 1st model and the 11th model. ) TEM-EDS images of the top three catalysts discovered in

this study, which are PtPdRuCu, PtPdRu, and PtRu, respectively.
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(Supporting Information), and the final model (11th model)
was plotted with overpotential values. From the initial model
to the 7th model, the shape of the model changed substantially
as 10 experimental data points were added to the model. In par-
ticular, in the early stages of the model, only a few number of
discarded points were located in the bottom part, specifically on
the right part. However, with the progress of iteration, some of
the top left part and bottom right part were also classified as
discarded points. Finally, in the 11th model, the upper part and
right part were classified as discarded points. In addition, com-
pared with that observed in the 7th model, the discarded points
were more concentrated in the upper right part, and the cluster
of the uncertain points formed an L-shape.

This tendency was also observed in Figure 4b, where the
points classified as uncertain points decreased to =15% of
the whole prediction points (77946 points by setting the grid
spacing as 0.05), and the discarded points increased with the
progress of iteration, indicating that Pareto active learning
is well directed to classify discarded points among all data
points. Then, the averaged overpotential values of the lowest
top 10 accumulated data points after each iteration were iden-
tified to determine whether our methodology was successful
in searching for high-performance catalysts with the update of
each model. As can be observed in Figure 4c, for all overpoten-
tial values including HER, OER, and the summation values of
HER and OER, a plateau was observed only after 11 iterations,
indicative of successful and effective Pareto active learning.
Then, the lowest top 10 values suggested by the model were also
plotted and compared with the experimental results. In the early
stages of the model, uncertainty values were extremely high,
resulting in a large deviation of the lowest top 10 values between
the model and experimental results. However, with the progress
of Pareto active learning, this gap started to decrease, and when
learning was terminated, overpotential values for the lowest top
10 experimental data were comparable to the prediction values of
the model, verifying the increased accuracy of the model.

2.5. Characterization for Synthesized Bifunctional Water
Splitting Catalysts

Among the 110 experimental points inside the data space, the
LSV of the top three points for the 1st model and the 11th model
are shown in Figure 4d to confirm whether the model is success-
fully guided to find better catalysts. The component and com-
position of the top three points for the 1st model were PtPdFe
(Pto.35Pdo.40Feq25), PtPdCoFe (Pty15Pdg.45C0020Feg20), PtPdRuFe
(Pto.15Pdg 45Rug 20Feg 20), respectively, whereas the top three points
for the 11th model were PtPdRuCu (Pty;5Pdy30Ru30Cuys),
PtPdRu (Pty15Pdg0Rug¢5), and PtRu (Ptg4oRuge), respectively,
in which the precursor composition was informed as brackets.
HER overpotential values for the Ist model were 116.7, 148.7,
and 84.1 mV, whereas the HER overpotential values for the 11th
model were 79.8, 68.6, and 75.1 mV. These different catalytic
activities were also verified by the different Tafel slopes shown in
Figure S4 (Supporting Information). The different HER catalytic
activities among these top three points in the 11th model com-
pared to the 1st model were also verified by the charge-transfer
resistance (R value in the Nyquist plot, which was measured by
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electrochemical impedance spectroscopy (EIS) analysis (Figure S5,
Supporting Information): PtPdRu exhibited the smallest diam-
eter of the semicircle in the Nyquist plot for HER, indicative
of small R, and the samples from the 11th model had smaller
diameter of the semicircle compared to the samples from the 1st
model. In addition, as Figure 4c shows, OER overpotential values
were greater than HER overpotential values for high-perfor-
mance catalysts; hence, the tendency of the summation of over-
potential values was similar to the OER overpotential values. The
OER overpotential values for top three points in the 1st model
were 373, 452, and 556 mV, respectively, whereas the top three
points in the 11th model were 268, 287, and 291 mV, respectively.
The R of the top three points at the OER active voltage (1.6 V
vs RHE) supported the increasing order of the overpotential
values of PtPdRuCu (4.2 Q cm™), PtPdRu (6.8 Q cm™2), and PtRu
(8.7 2 cm™), also following the order of OER catalytic performance.

To investigate the component and composition of the synthe-
sized multimetallic alloy catalysts and to confirm their entropy
alloy structure, the top three bifunctional catalysts in the 11th
model were analyzed by scanning electron microscopy (SEM),
TEM, and TEM-EDS (Figure 4e and Figure S6 (Supporting
Information)). TEM and TEM-EDS images revealed that the
multimetallic nanoparticles were fabricated on CNF under a
particle size of 20 nm with each of the components mixed well.
From TEM-EDS analysis, compositions of each catalyst were
Pt).215Pd 208RU0.420C U0 157, Pto153Pdg 313RUg 524 and Pty 365RU 635
(Figure S7, Supporting Information). In addition, the corre-
sponding compositions of the same catalysts by X-ray photoelec-
tron spectroscopy (XPS) analysis were Pt 175Pdg 412Rug 313CUg 100,
Pty 144Pdg 274Ru 585, and Pty 3s5sRug 640 As reported in previous
literatures, the precursor ratio and the ratio of synthesized nan-
oparticles were slightly different due to different physical prop-
erties such as vapor pressure and transition temperatures.l
Compared to XPS spectra before heating where the metal ion
peaks corresponded to the main chemical states of the metal,
the metallic states are the main chemical states after heating,
indicating successful fabrication by CTS (Figures S8-S11, Sup-
porting Information).

By 11 iterations along with the model development, the satu-
ration of the model uncertainty as well as the performance of
the water splitting behavior was observed. It was possible to
search for catalysts with a satisfactory water splitting perfor-
mance, in which the added overpotential values for HER and
OER were less than 1.6 V at a current density of 10 mA cm™
with negligible decrease in performance after 10 h of reaction
(Figure S12, Supporting Information). Specifically, PtPdRuCu,
PtPdRu, and PtRu were the top three catalysts discovered
herein, exhibiting superior catalytic performances compared
with those of the catalysts found in the early models. This
iterative feedback process between Pareto active learning and
experiments made it possible to search for high-performance
catalysts more efficiently in comparison to the currently used
trial-and-error method or computational techniques.

3. Conclusion

In this study, high-performance bifunctional catalysts for water
splitting were determined by the iterative feedback process of
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Pareto active learning and experiments. By utilizing the initial
database with the obtained experimental data and developing
the model, it was possible to progress the development of the
model into a more accurate manner using a small amount of
data. Compared to the early stages of model, the final model
exhibited considerably lower number of uncertain points as
well as higher catalytic activities for HER and OER. Within this
process, it was possible to find several catalysts that exhibited
excellent catalytic performance compared with those tested in
the initial step of the model. Therefore, by appropriate model
construction with a small amount of experimental data, high-
performance catalysts can be discovered using this system.
This model construction is not limited to bifunctional cata-
lysts for water splitting, indicating that it can be expanded to
different catalytic reaction fields or even other multifunctional
applications. A possible direction of further research would be
introducing problem-specific learning models to enhance the
performance of the prediction models in the active learning
loop, either by feature engineering, kernel optimization, or
increasing the complexity of the models.

4. Experimental Section

Fabrication of a CNF Substrate: Polyacrylonitrile (PAN) ink solution
was formed by dissolving PAN in N,N-dimethylformamide and stirring
at room temperature. After overnight stirring, electrospinning was
conducted using stirred PAN ink solution, where the solution was put
in a syringe with a metal nozzle and voltage was applied between the
collector and the metal nozzle. The collector was wrapped in silicone-
coated paper foil, leading to facile detachment of PAN NF. After
electrospinning process, the attached freestanding PAN NF membrane
was gently detached from the collector. CNF substrate was fabricated
through a 1 h stabilization in air and 2 h carbonization in argon condition
on PAN NFs. Details of the fabrication of CNF substrate could be seen
in the previous work.l>8

Preparation of the Precursor Solution: All chemicals were purchased
from Sigma-Aldrich. The precursor chemicals were as follows:
chloroplatinic(lV) acid hydrate, ruthenium(lll) chloride hydrate,
palladium(l1) chloride, cobalt(ll) chloride, nickel(ll) chloride, copper(ll)
chloride, iron(lll) chloride hexahydrate, and tin(ll) chloride. The above
precursors were mixed with ethanol at the concentration of 0.1 m to
make precursor solutions.

Fabrication of the Alloy Nanoparticles: The prepared substrates (CNF)
were attached to the quartz by applying silver paste to the copper
tape. Then, 200 uL of the prepared precursor solutions in volume
with different ratios according to the experimental conditions were
dropped on the substrate while heating at 80 °C. After ethanol was fully
evaporated, carbothermal shock method (300 ms heating under Ar) was
applied to synthesize multimetallic nanoparticles.

HER and OER Test in Single Cell: Electrochemical test of the fabricated
electrodes was done by using a potentiostat (Biologic VSP). Three
electrodes were used inside the cell: a working electrode, a reference
electrode (Ag/AgCl in 3 m NaCl), and a counter electrode (carbon rod).
For the electrolyte, H,SO, solution with concentration of 0.5 M (45 mL,
pH = 0.3) was used, and magnetic stirring was done during the reaction.
The calculated potential was automatically IR-corrected by the function
in the potentiostat. Cyclic voltammetry was conducted at a scan rate of
5 mV s~ from 0.05 to —0.5 V versus RHE for HER, and was conducted
from 0.909 to 2.009 V versus RHE with the same scan rate for OER. EIS
was performed at —0.2 and 1.6 V versus RHE with frequency range from
0.01 to 100 kHz.

Characterization: To observe the morphology of the alloy nanoparticles
on CNF, SEM (Hitachi, SU5000) and TEM (Talos F200X) were
employed. High-angle annular dark-field scanning transmission electron
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microscopy was used in the bright field mode to confirm the fabricated
alloy nanoparticles and energy-dispersive X-ray spectrometry of TEM
was used to confirm the component and composition of elements in
alloy particles. The component and composition of elements were also
confirmed by XPS (Thermo Scientific, Nexsa G2).

GPR: To predict the overpotential and suggest an optimal search
trajectory in a multimetallic composition space, two GPRs were
adopted as the learning agents in the active learning scheme, where
each regressor learnt the overpotential for HER and OER, respectively.
The input to the models was 8D composition vectors, where the
dimensions denoted the mole fraction of Pt, Pd, Ru, Ni, Fe, Cu, Co, and
Sn precursors before the CTS. The output of the two models was the
overpotential for HER and OER, which was measured as described in
the Experimental Section.

The GPR models used squared-exponential covariance kernels
augmented with a white noise kernel

;|2

k(x,x)=02 exp(—'X;I)z( ]+0',.2,5(x—x’) m

In the first term, o, and | denote the signal level and length scale,
respectively, where | was also an 8D vector. Elements of | were the length
scale of the variation of overpotential along that direction: for example,
in case of small Ip, the overpotential varied greatly with the change
in the fraction of Pt precursor, and vice versa. The second term denoted
the noise level of the experimental measurement itself: if the second
term was omitted from the kernel, the model suffered from overfitting
to the training data.

A trained GPR model yielded the mean and standard deviation
at a provided query point. The mean was the prediction for the
overpotential at a given composition, and the standard deviation was
understood as the uncertainty of the prediction. Hence, the model
obtained a considerable amount of information by performing additional
experiments on compositions with large uncertainties.

In the 2D space of the HER and OER overpotentials, each data point
was associated with the uncertainty rectangle, whose area was defined
as the product of the standard deviations from the HER and OER
models. The lower and upper boundaries of the uncertainty rectangle
corresponded to the optimistic and pessimistic estimates of the
overpotential, respectively.

&Pareto Front: In addition to the uncertainty estimation by GPR
models, the data space was further reduced by ruling out the points
that were predicted to be inferior in terms of the catalytic performances.
As two objective functions were present, i.e., the overpotentials of HER
and OER, the two data points were compared by a Pareto dominance
relation: point x dominated point x” if the HER and OER overpotentials
of x were less than those of x. In this study, the objective was to locate
the Pareto front or the set of points that were not dominated by any
other point.

As the overpotentials of HEA catalysts were continuous functions
of the precursor compositions, it was impossible to determine a finite
number of noise-free points in the Pareto front. Hence, it was practically
important to define a method to discretize the data space, where a small
difference in the overpotential was neglected for the efficiency of the
search process. This was conducted by defining the &-Pareto dominance
relation:P9-61 if the pessimistic estimates of HER and OER of a point
x were less than the optimistic estimates of a point x, then X" was
&dominated by x.

&Pareto Active Learning lterations: Active learning iterations were
performed as follows. First, using the available overpotential data,
two GPR models were trained to predict the overpotentials of HER
and OER for all points in the composition space. Second, based on
the uncertainty hyperrectangles, the points were classified into three
categories: Pareto front, discarded, and uncertain. Third, among
the uncertain points, ten compositions with the largest uncertainty
hyperrectangles were suggested for future experiments. Finally, the HER
and OER overpotentials were measured at the suggested points, and
the GPR models were retrained with the measured experimental data.
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This procedure was repeated until the points with sufficient catalytic
performances for HER and OER were located. Complete details of the
GPR models and e-Pareto active learning procedure are provided in
the Supporting Information.

Supporting Information

Supporting Information is available from the Wiley Online Library or
from the author.
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