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elements.[1–7] However, determining the 
optimum elemental components and com-
position is challenging because of the dif-
ferent physical behaviors and chemical 
activities of the metal elements in catalytic 
reactions. Furthermore, it is difficult to 
determine the metal combination that must 
be investigated as it is difficult to exactly 
determine which metal element will affect 
the catalytic performance within the alloy. 
Before the introduction of computational 
techniques, researchers have mainly inves-
tigated binary and ternary alloys, with the 
focus on searching for high-performance 
multi-metallic catalysts by experimental 
trial and error.[8–10] For example, noble and 
non-noble metals, for example, platinum 
(Pt),[11–13] ruthenium (Ru),[14,15] iridium 
(Ir),[16,17] palladium (Pd),[18,19] and nickel 
(Ni),[20] iron (Fe),[21] cobalt (Co),[22] molyb-
denum (Mo),[23] as well as their alloys, are 
typically used in the hydrogen evolution 
reaction (HER), rendering the dimension-
ality of the space of alloy composition can-

didates far beyond human intuition or brute-force search by trial 
and error. However, it was almost impossible to search for the 
optimal component and composition for high-performance cata-
lysts as the determination of the catalyst performance is a time-
consuming and expensive process due to the enormous number 
of candidate combinations and compositions.

Searching for an optimal component and composition of multi-metallic 
alloy catalysts, comprising two or more elements, is one of the key issues in 
catalysis research. Due to the exhaustive data requirement of conventional 
machine-learning (ML) models and the high cost of experimental trials, 
current approaches rely mainly on the combination of density functional 
theory and ML techniques. In this study, a significant step is taken toward 
overcoming limitations by the interplay of experiment and active learning to 
effectively search for an optimal component and composition of multi-metallic 
alloy catalysts. The active-learning model is iteratively updated using by exam-
ining electrocatalytic performance of fabricated solid-solution nanoparticles 
for the hydrogen evolution reaction (HER). An optimal metal precursor com-
position of Pt0.65Ru0.30Ni0.05 exhibits an HER overpotential of 54.2 mV, which 
is superior to that of the pure Pt catalyst. This result indicates the successful 
construction of the model by only utilizing the precursor mixture composition 
as input data, thereby improving the overpotential by searching for an optimal 
catalyst. This method appears to be widely applicable since it is able to 
determine an optimal component and composition of electrocatalyst without 
obvious restriction to the types of catalysts to which it can be applied.

1. Introduction

Fabrication of multi-metallic alloy catalysts is one of the most 
promising methods to boost catalytic performance, leading to 
synergistic performance that considerably surpasses the expec-
tation from using only a simple combination of constituent 
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To overcome the “curse of dimensionality” in searching for 
the optimal alloy component and composition, researchers have 
recently employed computational techniques to narrow down 
the design space of multi-metallic alloy catalysts. Currently, 
approaches to search for the optimal component and composi-
tion of multi-metallic alloy catalysts rely on adsorption energy 
prediction by density functional theory (DFT) combined with 
advanced machine-learning (ML) algorithms,[24–27] where large-
scale open databases[28,29] enable data-driven analysis and predic-
tions of catalytic performance at the active sites with one or two 
metal components. For example, ML models trained with DFT 
data were successfully applied to predict the catalytic activity of 
bimetallic nanoparticles for nitric oxide (NO) decomposition,[30] 
methanol oxidation,[31] and carbon dioxide (CO2) reduction.[32]

However, DFT-based ML calculations for multi-metallic active 
sites with three or more elements are limited by several major 
challenges. First, periodic unit cells in conventional DFT calcu-
lations assume a structure that is significantly different from 
the solid-solution structure of most alloys, which exhibit non-
periodic atomic distributions.[33] Second, the final composition 
of the experimentally synthesized alloy is often different from 
the stoichiometric composition of the precursors,[34] and the 
ML model often lacks control over experimental process param-
eters, making it more difficult to correlate the computational 
predictions to experimental protocols. Third, the direct incorpo-
ration of nonmetallic components (e.g., carbon) into the metal 
active sites introduces serious complexity in terms of reliable 
calculations, although studies have reported that encapsulating 
graphene layers contribute to the catalytic performance.[35,36] 
Finally, computational calculations of multi-metallic unit cells 
are expensive owing to the necessity of large unit cells and the 
extensive requirement for k-vectors in the reciprocal space. As 
a result, errors from these uncertainties propagate through the 
computational process and introduce significant bias and epis-
temic uncertainty in the modeling; hence, the current metallic 
catalyst databases and ML techniques are not suitable for the 
universal exploration of multi-metallic alloy catalysts.

An alternative approach for DFT-based supervised ML cal-
culations is introducing an active machine-learning model to 
directly predict the catalytic performances from experimentally 
adjustable parameters. Active learning is a machine-learning 
framework where a model closely cooperates with an “oracle,” 
or the human user, by requesting points to be experimentally 
evaluated. The model suggestion is given on points with the 
maximum uncertainty so that each experimental evaluation 
leads to a large gain of information about the data space struc-
ture. Unlike in the conventional supervised machine-learning 
approach, where a large amount of training data should be 
gathered before the learning stage, active learning can reduce 
the required size of the training data up to several orders. Fur-
thermore, since the model directly predicts the experimental 
outcome from adjustable process parameters, the model does 
not suffer from the bias inevitable in the DFT calculations.

In this study, a method that can search for an optimal compo-
nent and composition of multi-metallic alloy catalysts for HER 
by a combination of experiment and active learning was dem-
onstrated, where the model directly predicted the catalytic over-
potential from experimentally adjustable parameters, namely the 
mole fraction of metal precursors used for nanoparticle synthesis 

by the carbothermal shock (CTS) method. With the CTS method, 
it was possible to fabricate multi-metallic alloys with atomic 
scale mixing, and with reduced time and cost. By selecting noble 
metals (e.g., Pt, Ru, Pd) and non-noble metals (e.g., Ni, Cu, Co, 
Fe, Tin (Sn)) for use in HER, active-learning iteration loops were 
conducted to locate the optimal composition of precursors that 
can exhibit the best catalytic performance in a data-efficient 
manner. In addition, the detailed evolution of the model was 
revealed in the course of iterations, and the most effective multi-
metallic alloy catalysts were proposed to be screened by a simple 
method with time savings; this approach can be potentially 
applied to a wide variety of catalytic systems, which is difficult by 
the currently used DFT-based ML techniques.

2. Results

2.1. Active-Learning Model Construction

Figure  1 shows the overall scheme to search for the compo-
nent and composition of a metal precursor that yields a suf-
ficiently low overpotential for the HER by the combination 
of experiment and active learning. Here, an active-learning 
framework was utilized, involving the iterative cooperation 
of a model with a user to efficiently explore the design space 
of experimentally adjustable parameters.[37] The appropriate 
selection of a strategy and automatization of the experimental 
design by active learning can lead to a significantly faster and 
cost-effective strategy for the discovery of electrocatalysts with 
enhanced performance.[38,39] The input data for active learning 
(i.e., component and composition of metal precursor and 
measured overpotential) were obtained from the synthesis of 
multi-metallic alloy nanoparticles and their overpotential meas-
urement by experiments. First, multi-metallic alloy catalysts 
were synthesized by the carbothermal shock (CTS) method[40] 
with varying mole fractions of metal in a precursor mixture 
(Figure 1a). Generally, it is known that some elements are ther-
modynamically immiscible and show phase separation using 
conventional synthesis techniques. Furthermore, fabricating 
one type of multi-metallic alloy nanoparticle usually takes a 
long time, up to several hours. However, the CTS method can 
fabricate multi-metallic nanoparticles without many limitations 
of element selection,[41] and can reduce time and cost for fab-
rication. It is reported that by the CTS method, it is possible 
to overcome the immiscibility of the bimetallic catalyst library. 
Thus, the CTS method allowed the random mixing of elements 
on the atomic scale and fabrication of a homogeneous nanopar-
ticle size by rapid heating up to 2000 K[41] (Figure 1b). A detailed 
description of the CTS method is provided in Experimental 
Section. This method is suitable for searching for the optimal 
component and composition of multi-metallic alloy catalysts as 
the component and composition of the fabricated catalysts can 
be altered easily by the simple control of the metal precursor 
solution. After catalyst fabrication, electrochemical analysis 
was conducted to characterize the catalytic performance of 
the synthesized nanoparticles by measuring overpotential at a 
current density of 20  mA cm−2 via linear sweep voltammetry 
(Figure  1c). As locating the optimal precursor component and 
composition is a daunting task by this protocol, an active-
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learning framework was employed by utilizing the mole frac-
tion of the precursor component and overpotential data.

Active learning is an iterative process whereby an ML model 
interacts with an experimentalist to generate an optimal search 
trajectory in the design space; this approach is also called the 
optimal experiment design.[37] In this study, we train a Gaussian 
process (GP) model to learn a function that maps an 8D pre-
cursor composition vector to a scalar overpotential value; hence, 
the model directly predicts the experimental output from the 
experimental input, allowing the model to explicitly control 
the process parameters accessible to the user. Even though 
precursor composition and the mole fraction of the fabricated 
metal nanoparticles can be different, the machine considers the 
deviation between them as data are continuously accumulated. 
This is related to the ability of the machine that can inherently 
relate the input parameters with the other variables, affecting 
the model output. Thus, just by providing the precursor mix-
ture composition as input to the machine, it can efficiently pre-
dict the overpotential of the system.

The GP model was chosen for two reasons. First, a GP model 
can readily evaluate the uncertainty of its prediction, given 
in terms of the diagonal elements of the covariance matrix, 
which is an essential component in the active-learning frame-

work. Second, a GP model with a squared-exponential kernel 
is a universal approximator for any continuous function in the 
data space, given a sufficient amount of training data. Although 
extensive comparison and fine-tuning might yield a model 
that is potentially superior, by selecting a GP model, we mini-
mize the underlying assumptions on the data space so that the 
methodologies developed in this work to be readily extended to 
future studies with different catalytic reactions or even multiple 
optimization objectives.

Briefly, the model is first trained with a small amount of data 
before the iteration loops begin: the first model is trained with 
73 preliminary experimental data, which accounts for less than 
0.6% of the discretized data space with a total of 12 404 points. 
(Figure 1). At each loop, the model yields two types of outputs 
at every candidate precursor composition: 1) prediction of the 
overpotential and 2) estimated uncertainty of the prediction. 
In the early stage of training with a few loops, the model lacks 
training data, making its prediction highly unreliable. Hence, 
it is beneficial for the user to perform experiments at points 
where the model returns the highest uncertainty, the results of 
which are fed back into the model to update the predictive per-
formance. This allows the model to focus on subspaces where it 
has marginal knowledge, and the model acquires significantly 
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Figure 1.  The overall workflow of searching for low-overpotential multi-metallic alloy catalysts. a) Brief schematic of the multi-metallic alloy nanoparticle 
synthesis and its corresponding photographical images. b) TEM image of well-synthesized alloy nanoparticles. c) Schematic image and linear sweep 
voltammetry curve for the electrochemical analysis of fabricated nanoparticles.
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more information than that in the conventional supervised 
learning setup given the same amount of training data. By con-
trast, in the later stage of the iterations where the model uncer-
tainty is sufficiently lower, the search strategy should be diver-
sified to exploration and exploitation wings, where the model 
suggests points with the lowest expected overpotential, along 
with points with the highest uncertainty, to locate the candidate 
compositions for the optimal catalytic performance.

In this study, the model was first trained with initial data 
and was extended to ternary compositions. After three iteration 
loops in the ternary data space, the model uncertainty substan-
tially decreased, with the experimental overpotential less than 
that of a pure Pt catalyst, which is the final goal in this study 
(bottom left box in Figure  1). At this stage, the active-learning 
iterations were terminated, and a detailed electrochemical 
analysis was performed to verify the catalytic performance of 
the discovered compositions. Detailed information on active 
learning is described in Experimental Section. In addition, 
further computational details can be found in Supporting 
Information.

2.2. Active Learning of Binary Systems

The “model” and “iteration” are defined and enumerated as fol-
lows. A “model” is a GP instance trained with the provided data, 

enumerated from the zeroth model that is trained only using 
the unary initial data. An ith “iteration” is a set of experimental 
observations made at the points requested by the ith GP model. 
For example, the second iteration is performed at the request 
of the second model, and the second model is updated with the 
experimental results of the second iteration to yield the third 
model. This procedure is iteratively performed until the model 
gathers sufficient information to return low-uncertainty predic-
tions in the binary data space, after which the trained model is 
to be transferred to the ternary data space.
Figure 2 shows the evolution of model predictions for three 

representative binary systems, namely Pd–Ru, Pd–Ni, and Ru–
Ni, during two iteration loops. These systems were selected 
as they clearly described the correlation between information 
among different metal combinations; this is a key feature 
related to the performance of the active-learning framework 
developed herein. When trained with only the unary data (ini-
tial data), the model fails to make any meaningful predictions 
for the binary data, as represented by the plateau shown in 
the first column of Figure 2. The unary data were augmented 
with 65 additional binary data scattered near the 50:50 mixture 
points for each binary combination to obtain the first model, 
from which active-learning iterations were commenced.

Figure  2 manifests two key trends. First, the uncertainty at 
the points requested by the model was considerably reduced 
after an iteration loop, which was an expected result. Second, 
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Figure 2.  Active-learning results for binary composition. a–c) With each iteration, the prediction of the binary composition model of Pd–Ru (a), Pd–Ni 
(b), and Ru–Ni (c) changes. The orange areas highlight the change of prediction without the added data at certain points after the iteration. The vertical 
blue dashed lines indicate the points of maximum uncertainty in each binary composition: since 20 experimental results are fed into the model in each 
iteration, some points with maximum uncertainty may not be updated, as in the second iteration in (b).
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notably, uncertainty was often reduced in regions that were not 
experimentally verified in the previous iteration (see orange 
regions in Figure 2). Owing to the Pd-rich phase data obtained 
in the first iteration of the Pd–Ru diagram (Figure  2a), the 
uncertainty of the Pd-rich phase decreased after the first itera-
tion in Figure  2b. This indirect learning was possible as the 
model learned the universal data structure of the 8D compo-
sition vector space instead of learning individual curves for 
each binary combination (Supporting Information). Hence, 
the binary diagrams shown in Figure 2 are best understood as 
projections of the entire data space onto 1D binary subspaces, 
and the model effectively learns all of the mutual effects among 
different binary systems that are difficult to capture by human 
intuition. This interaction among different metal combinations 
is the key factor behind the performance of active learning.

After the second iteration, the model is confirmed to acquire 
sufficient information regarding the overpotential variation of 
the binary data space, and it is not likely to expect an overpoten-
tial significantly less than that of pure Pt nanoparticles. Hence, 
extending from the accumulated binary overpotential data, the 
third binary model is transferred to predict the HER overpoten-
tial of ternary composition spaces.

2.3. Active Learning of Ternary Systems

Figure 3 shows the evolution of model prediction for the Pt–
Ru–Ni ternary system: this combination was selected because 
it contained the precursor composition with the lowest overpo-
tential, that is, Pt0.65Ru0.30Ni0.05. Unlike in the binary system, 
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Figure 3.  Active-learning results for a ternary composition. a) With each iteration, a triangular diagram of uncertainty and overpotential is updated 
for the Pt–Ru–Ni system. The red dotted circles indicate the change in prediction without data added at certain points after iteration. b) Plot of the 
overpotential of the top-five high-uncertainty points with active learning. The black and red circles indicate the experimental results and the prediction 
by the model, respectively. The orange arrows indicate the difference in the values between modeling and experimental data. c) Plot of overpotential of 
the top-five low-overpotential point changes with active learning and d) corresponding scatter-plotted ternary data points. Note that the data points in 
each ternary model belong to five different ternary combinations, and the distribution of these points is not necessarily continuous: hence, the distribu-
tion of the lowest overpotential within each model is subject to large variance, for example, as in the second ternary model.
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where the search was only performed at the points with high 
uncertainty, an exploration–exploitation strategy was applied, 
where half of the experimental evaluations were made at points 
with the highest uncertainty, and the remaining half were 
performed at points with the lowest predicted overpotential 
(Figure  1). The two types of suggestion points are denoted by 
blue and green circles, respectively (Figure 3a).

The model trained only with the binary data revealed high 
uncertainties in the center of the triangular diagram (Figure 3a). 
After the first iteration, the uncertainty at the internal region of 
the triangular diagram was significantly decreased, especially 
near the experimentally verified points. After the model was 
updated in the second iteration, the uncertainty of the Pt–Ru–
Ni system decreased in a wide range of the composition space. 
In particular, the uncertainty in the high-Ru area on the lower 
right of the diagram, which was enclosed by a red dotted circle, 
decreased significantly even without experimental observations 
due to the data added from other ternary combinations (e.g., 
Pd–Ru–Sn, Figure S11, Supporting Information). Moreover, the 
overpotential distribution after the second iteration revealed a 
nonlinear variation of overpotential within the ternary system, 
manifesting the “cocktail effect,” which can be described as the 
synergistic effect resulting from mutual interactions among 
composing elements. This effect could bring excess quantities 
to the average values simply predicted by the mixture rule,[42] 
or sometimes the cocktail effect can work in a different way, 
which can also lead to nonlinear and unexpected properties due 
to unusual interstitial strengthening and intermetallic precipi-
tation strengthening.[43] Overall, the mixture of elements can 
either work to result in excessive or unexpected properties, 
which was present in multi-metallic alloy systems. After the 
third iteration, the model did not exhibit considerable changes, 
indicating that the second and third models approach the satu-
ration of training in the systems that are highly correlated to 
the Pt–Ru–Ni combination.

It should be noted that further iteration loops might be per-
formed to locate ternary compositions with even better catalytic 
performances than the points located in the third model. In 
principle, the decision whether to continue or stop the active-
learning iterations should be made by considering the balance 
between the expected improvement of future discoveries and 
the time and cost of experimental evaluations. In this work, we 
decided to break the iteration loop at the third model from two 
considerations. First, the saturation of the model performance 
as shown in Figures  3b,c implied that the expected improve-
ment from further iterations would be smaller than in the early 
stage of the iteration loops. Second, as shown in Figure 3d, we 
already located several points superior to pure Pt, which is the 
benchmark for HER, indicating that a dramatic improvement 
of overpotential is unlikely in further iterations.

2.4. Overpotential Behavior with Iterations of Active Learning

The saturation behavior of the model was more clearly observed 
by comparing the predicted and experimentally measured 
overpotentials (Figures  3b,c). Figure  3b shows the change in 
the predictive performance of high-uncertainty suggestions. 
Notably, in high-uncertainty suggestion points, a large error 

between the predicted and experimental values is desired as 
the model would gain the maximum information at points it is 
gravely wrong. Before the iteration loops, prediction from the 
initial model was reasonably close to the experimental value. 
However, with the start of the iteration loops, the gap between 
the predicted and verified overpotentials considerably widened, 
especially in the third binary model and the first ternary model. 
With the increased accumulation of data, the prediction error 
slowly decreased, and at the end of the iteration loops, the 
third ternary model exhibited a considerably reduced predic-
tion error even at the points with the highest uncertainty. In 
particular, compared to the difference between the model and 
experimental overpotential values of the first iteration in the 
ternary system (≈130  mV), the difference decreased to 56  mV 
at the end of the second iteration, with an even further decrease 
to 19 mV in the third iteration. This decrease in the difference 
between the model and actual experimental values reflected the 
increased accuracy of the model during the iteration.

This saturation behavior is also observed for predictions in 
the low-overpotential suggestion points shown in Figure  3c. 
In the second binary iteration, the experimental overpotential 
was extremely high even though the model expected them to 
be as low as 60 mV, indicating that the second binary model 
is considerably incorrect in estimating the points with high 
catalytic performances. After the third binary iteration, the 
verified overpotential was considerably reduced, and the pre-
dicted and verified overpotentials gradually decreased with 
the increase in the accumulated data. With the increase in 
the number of iteration loops, the model actually found an 
increasing number of points with a lower HER overpotential, 
indicating that the active-learning framework is leading the 
model in the right direction of locating the optimal composi-
tion for low overpotential. Figure 3d shows the scatter plot of 
the experimental data of low-overpotential points in ternary 
systems, again verifying the trend of the decreasing overpoten-
tial shown in Figure  3c. Figure S12, Supporting Information 
shows the scatter plots of the other measured overpotential 
data herein. The overall trend indicates that the overpotential 
tends to decrease with the increase in the system dimension 
from a unary to a ternary system. Thus, compared to unary 
and binary systems, ternary systems exhibit a significantly 
lower overpotential, reflecting the cocktail effect of multi-
metallic alloy catalysts.

2.5. Characterization of Synthesized Catalysts

After all iterations, the optimal composition of the 
Pt0.65Ru0.30Ni0.05 alloy catalyst with a remarkably low overpo-
tential of 54.2  mV was found, and this catalyst was further 
investigated experimentally (Figure 4). First, the formation of 
Pt–Ru–Ni alloy nanoparticles was observed by transmission 
electron microscopy (TEM) (Figure  4a). These alloy nanopar-
ticles were well dispersed over the substrate, with a uniform 
size of 9 ± 3.14 nm. The size of the nanoparticles was different 
from that of the Pt–Ni alloy (Figure 1), indicative of the change 
in the nanoparticle size owing to the different components and 
compositions of the metal precursor. In addition, Pt–Ru–Ni 
alloy formation was investigated by TEM–energy-dispersive 

Adv. Mater. 2022, 34, 2108900
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X-ray spectroscopy (TEM–EDS) mapping (Figure  4b): These 
fabricated metal nanoparticles comprised well-mixed Pt, Ru, 
and Ni, with an average nanoparticle diameter of ≈9  nm, 
suggesting that the three metals in the ternary nanoparticles 
are well mixed as a solid solution without significant phase 
separation. Second, to confirm the component and composi-
tion of each element in the fabricated nanoparticles, X-ray 
photoelectron spectroscopy (XPS) and TEM–EDS were con-
ducted (Figure  4c). XPS and EDS spectra shown in Figure  4c 
and Figure S5, Supporting Information, respectively, revealed 
that considerable amounts of Pt, Ru, and Ni are detected. In 
addition, after CTS, the elements were mainly found to be 
in the metallic state compared to the oxidation state before 
CTS (Figure S7, Supporting Information). However, owing 
to atmospheric oxidation, some of the oxidation states were 
also detected in the synthesized nanoparticles. In addition, 
the chloride peak was confirmed to almost disappear after the 

fabrication of multi-metallic nanoparticles (Figures S8–S10, 
Supporting Information), indicative of the change in the pre-
cursor state (metal chloride) to the metal state by CTS. Further-
more, the atomic composition of the components was analyzed 
by XPS and TEM–EDS, and the elemental composition of 
the Pt0.65Ru0.30Ni0.05 alloy was determined: 73.9–77.8% for Pt, 
18.6–21.5% for Ru, and 3.6–4.6% for Ni. The composition of 
the synthesized nanoparticles was different from the precursor 
composition loaded for the synthesis of ternary nanoparticles, 
which was related to different properties of each metal, for 
example, vapor pressure and phase transition temperature.[40] 
However, such a deviation between the composition of the 
precursor mixture and that of the fabricated nanoparticles is 
not concerning in the active-learning process as the machine 
considers every factor, including the composition of the syn-
thesized nanoparticles that can affect the catalyst performance 
when its output is expected. In fact, this is a better method of 
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Figure 4.  Characterization of Pt–Ru–Ni ternary nanoparticles by the carbothermal shock method. a) TEM image of well-synthesized Pt–Ru–Ni nano-
particles with an average size of 9 nm. b) TEM–EDS mapping of Pt–Ru–Ni nanoparticles. c) XPS spectra of Pt, Ru, and Ni after carbothermal shock 
and nanoparticle composition by different analysis methods. d) Polarization curves of different catalysts. The dotted line indicates the overpotential 
estimated herein. e) Tafel plot of different catalysts.



© 2022 Wiley-VCH GmbH2108900  (8 of 10)

www.advmat.dewww.advancedsciencenews.com

predicting the performance as it is barely possible to exactly 
match the composition of the precursor mixture with that of 
the actual fabricated elements by experiments.

2.6. Electrochemical Analysis of Synthesized Catalysts

By analyzing the performance of the catalyst, we were able to 
find a combination of catalysts showing the same tendency for 
overpotential along with other performances. In this study, it 
is very important that the experimental results and the results 
predicted through active learning show the same trend as the 
iteration proceeded. It is a great advantage that the results of 
active learning and experiments have the same tendency in the 
process of iteration without considering other characteristics 
such as the actual composition of the alloy, surface area and 
loading amount of the catalyst, and impedance of the catalyst 
as the input data.

Among the hydrogen evolution catalysts tested in this study, 
the Pt0.65Ru0.30Ni0.05 catalyst found by active learning exhibited 
the best performance by each electrochemical method, which 
was in agreement with the active-learning result. First, the over-
potential of the Pt0.65Ru0.30Ni0.05 catalyst was significantly lower 
than those of the pure Pt catalyst and the Pt0.7Ru0.3 catalyst syn-
thesized by the same method (i.e., 68.2 and 65.6 mV), respec-
tively (Figure 4d). Although the Pt0.65Ru0.30Ni0.05 catalyst exhib-
ited the best performance, other binary catalysts (i.e., Pt0.7Ru0.3 
or Pt0.31Ni0.69 catalyst) also exhibited performance better than 
that of each of the unary catalysts. Tafel and Nyquist plots were 
also fitted for unary catalysts and the best performing catalyst 
to understand the electrochemical behavior and verify its ten-
dency with the active-learning result (Figure 4e and Figure S13, 
Supporting Information). By measuring the Tafel slope, the 
rate-determining step of HER can be determined as reported 
previously.[44,45] The Tafel slope of the Pt0.65Ru0.30Ni0.05 catalyst 
was lower than that of Pt, which indicated hydrogen desorp-
tion over the Pt0.65Ru0.30Ni0.05 catalyst occurred more efficiently 
than that over the Pt catalyst. In addition, Nyquist plots were 
compared to estimate the charge-transfer resistance (Rct) of the 
catalyst. Notably, the comparison of the semicircle diameter 
revealed that the Rct of the Pt0.65Ru0.30Ni0.05 catalyst is consider-
ably less than those of unary metal systems, suggesting rapid 
electron transfer.

To investigate the stability of the catalyst and its composi-
tions, leaching of the metals before and after the reaction was 
observed as well as the stability when constant current was 
applied. After 1000 cycles from 0 to −0.15  V, about 2.25  µg of 
metals were leached in the electrolyte (Table S3, Supporting 
Information). Also, almost no degradation was observed after 
applying constant current density (10 mA cm−2) for more than 
300 minutes (Figure S14, Supporting Information).

The electrochemical analyses not only confirmed the out-
standing electrochemical performance of the Pt0.65Ru0.30Ni0.05 
catalyst compared with those of the other catalysts fabricated 
herein, but also simultaneously validated the correspondence 
of experimental and the active-learning result. Therefore, the 
results of this study show that our proposed method can sim-
plify the problem when trying to find a catalyst with the desired 
performance.

3. Conclusion

A system was constructed in which a machine can iteratively 
cooperate with the user to narrow down to the desired region 
with a relatively small amount of information while simultane-
ously utilizing only the information of the precursor mixture 
composition as input, and the other factors that affect the per-
formance were considered. Initial data were provided to the 
system to construct the model, and it obtained a remarkable 
outperforming system after a number of iterations due to active 
learning. Overall, by active learning, the optimal component and 
composition of the well-performing catalyst for HER were found 
by a cost-efficient route with time savings. Thus, by effectively 
building the model and providing the required data to the model, 
a catalyst with an optimal component and composition can be 
efficiently determined regardless of its own experimental system 
without considering the catalytic background of each system. 
Thus, these results can be applied to other catalytic reaction 
fields, which can significantly simplify the problem of searching 
for efficient components and compositions of catalysts.

4. Experimental Section
Preparation of a Carbon Nanofiber Substrate: First, 2  g of 

polyacrylonitrile (PAN, 150  000 Mw, Sigma-Aldrich) was dissolved in 
13  g of N,N-dimethylformamide (99.8%, Sigma-Aldrich) with magnetic 
stirring (at room temperature, 300  rpm), affording a polymeric ink 
solution. After the solution was homogeneously stirred at 80  °C for  
12 h, electrospinning was conducted. The polymer solution was placed 
in a syringe with a metal nozzle (23 G), and a voltage of 10  kV was 
applied between the collector and the metal nozzle. The distance from 
the needle to the collector was fixed at 20 cm, and the feeding rate was 
10 µL min−1. After electrospinning, the free-standing PAN NF membrane 
that was attached to the collector was gently detached with tweezers. 
The PAN nanofibers were stabilized in air at 553 K for 1 h and carbonized 
under argon at 1173 K for 2 h.

Preparation of the Precursor Solution: All precursors were purchased 
from Sigma-Aldrich, including chloroplatinic(IV) acid hydrate, cobalt(II) 
chloride, copper(II) chloride, nickel(II) chloride, tin(II) chloride, 
palladium(II) chloride, ruthenium(III) chloride hydrate, and iron(III) 
chloride hexahydrate. All precursor solutions were synthesized by mixing 
MClxHy precursors (0.1 m) with the precursors dissolved in ethanol.

Fabrication of the Electrode: First, prepared substrates were attached 
to quartz using a silver paste and copper tape. After the substrates were 
fixed, and the solution was prepared, they were dropped on the substrate 
with heating at 80 °C. The total solution volume was 200 µL. After the 
evaporation of ethanol, the carbothermal shock was conducted to 
fabricate multi-metallic nanoparticles with heating at 300 ms under Ar.

Electrochemical Testing for the HER: Electrochemical testing of the 
electrodes was conducted using a biologic VSP potentiostat. In the cell, 
three electrodes were used: a counter electrode (carbon rod), a reference 
electrode (Ag/AgCl in 3 m NaCl), and a working electrode. The working 
electrodes were sampled with a platinum wire by using a silver paste. 
A 0.5 m H2SO4 solution (45  mL) was used as the electrolyte for the 
reaction while stirring. The potential calculated was IR-corrected by using 
a potentiostat, and cyclic voltammetry was conducted at a scan rate of 
5  mV s−1 from 0.05 to −0.8  V versus RHE. Electrochemical impedance 
spectroscopy was conducted using the same conditions as mentioned 
above with −0.2 V versus RHE and a scan rate from 10 mHz to 100 kHz. 
Double-layer capacitance (Cdl) of the electrodes was calculated by the CV 
curves obtained from 0.368 V versus RHE to 0.468 V versus RIE with a 
scan rate from 10 to 500 mV s−1.

Characterization: Scanning electron microscopy (Hitachi, S-4800) 
was employed to observe HEA nanoparticles on carbon nanofiber at an 
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accelerating voltage of 10 kV. TEM (Talos F200X) was employed at 200 kV 
for confirming nanoparticle fabrication. By using the high-angle annular 
dark-field scanning TEM (HAADF-STEM) mode, the sample morphology 
was analyzed. By energy-dispersive X-ray spectrometry, the ratio and 
distribution of the elements were confirmed. The chemical states of the 
samples were analyzed by XPS (Thermo VG Scientific, K-alpha), which 
was performed using a monochromatic Al Kα (1486.6 eV) X-ray source.

Active-Learning Iteration Procedure: The model was first trained with 
initial data comprising eight unary and 65 binary precursor compositions 
while simultaneously searching for a multi-metallic alloy catalyst 
comprising up to three components. The model was sufficiently trained 
to accurately predict in the binary space after two iteration loops by 
requesting 20 points with high uncertainty in each iteration loop. Then, 
the trained model was further extended to make predictions in ternary 
combinations of precursors, where ten ternary compositions with the 
highest estimated uncertainty for exploration and ten compositions with 
the lowest predicted overpotential for exploitation were requested in 
each iteration loop. After three iteration loops in the ternary data space, 
the active-learning iterations were terminated.

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