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Active Learning-Driven Discovery of Sub-2 Nm
High-Entropy Nanocatalysts for Alkaline Water Splitting

Sakthivel Perumal, Da Bean Han, Thandapani Marimuthu, Taewaen Lim,
Hyun Woo Kim,* and Junhyeok Seo*

High-entropy nanoparticles (HENPs) present a vast opportunity for the
development of advanced electrocatalysts. The optimization of their chemical
compositions, including the careful selection and combination of elements, is
critical to tailoring HENPs for specific catalytic processes. To reduce the
extensive experimental effort involved in composition optimization, active
learning techniques can be utilized to predict and suggest materials with
enhanced electrocatalytic activity. In this study, sub-2 nm high-entropy
catalysts incorporating eight transition metal elements are developed through
an active learning workflow aimed at identifying optimal compositions. Using
initial experimental data, the approach successfully guided the discovery of a
new octonary HENP catalyst with state-of-the-art performance in the
hydrogen evolution reaction (HER). Catalyst performance is improved within
the prediction uncertainty of the machine learning model. For the oxygen
evolution reaction (OER), however, the initial model demonstrated limited
predictive accuracy, leading to an assessment of the workflow’s boundaries.
These findings underscore how the integration of curated experimental data
with active learning can accelerate electrocatalyst discovery, while also
highlighting critical areas for further model refinement.
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1. Introduction

High-entropy materials (HEMs) are an
emerging class of electrocatalysts that
offer expansive compositional flexibility,
allowing for precise tuning of catalytic
properties.[1] Characterized by unique
attributes such as high entropy, lattice
distortion, sluggish diffusion, and the
“cocktail effect”, HEMs exhibit impressive
catalytic performance.[2–4] With five or
more multi-element active sites dispersed
across complex surfaces, HEMs provide a
quasi-continuum of adsorption energies for
reaction intermediates.[5] By modulating
their elemental compositions, researchers
can tailor electronic structures and adsorp-
tion energies to design highly efficient
catalysts.[6] This adaptability is particularly
advantageous for electrocatalytic water
splitting, a promising route for renew-
able hydrogen gas (H2) production that is
essential for establishing carbon-neutral
energy systems.[7] However, identifying
optimal compositions within the vast range
of element combinations possible in HEMs

presents a substantial challenge, making experimental explo-
ration practically infeasible within realistic timeframes.[8] To ad-
dress this complexity, artificial intelligence (AI) and machine
learning (ML) models can be utilized to predict catalytic activ-
ity based on limited yet expanding datasets. Recent advances in
AI and ML have been made to discover heterogeneous catalysts
using AI and high throughput screening (HTS), which can be
found in recent research and review articles.[9–16] However, accu-
rate modeling of the catalytic activity of such diverse and complex
surfaces still requires further development.

Recent efforts to pinpoint optimal HEM compositions
have incorporated density functional theory (DFT) with ML
models.[17–19] However, this approach has limitations, especially
with amorphous materials where critical catalytic descriptors
such as overpotential and turnover frequency are experimentally
measurable yet challenging to calculate through DFT. The vast
compositional space and stoichiometric variability in HEMs
further limit DFT’s applicability. While data from published
studies are valuable, generating high-quality, comprehensive
datasets for new HEMs remains a significant hurdle. Addi-
tionally, inconsistencies in catalyst data are common,[20,21] as
similar compositions can exhibit variable performance due to
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differences in experimental conditions, including elec-
trode materials, electrolytes, and applied potentials.[22]

To overcome these challenges, we developed ML mod-
els based on experimental datasets, aiming to en-
hance predictive accuracy and mitigate inconsistency in
the discovery of novel, efficient catalysts. Nonetheless,
generating extensive experimental datasets is both time-intensive
and costly. In such cases, an active learning framework that in-
tegrates ML with parallel experimental workflows is a promising
solution. This closed-loop approach combines limited data,
AI, and human expertise.[23–26] Through active learning, the
model iteratively samples the design space to refine predic-
tions, even when initial model coverage is limited. Employing
Bayesian optimization (BO), this approach trains a surrogate ML
model on a small dataset, using acquisition functions to select
untested, representative compositions. Consequently, the model
improves its accuracy and generalizability across unexplored
compositions,[27,28] striking a balance between exploration and
exploitation within vast search spaces, ultimately accelerating
catalyst discovery.[29] Recent applications of BO toward the
discovery of alloy catalysts have been made. For instance, BO
was applied to explore alloy catalysts for water splitting.[30] In
addition, the BO was utilized to discover catalytic HEMs with
multiple objectives[31] and DFT calculations.[10] As shown in
successful examples, BO offers significant advantages when
used with relatively small data sets while ML methods such as
reinforcement learning require large data sets.[32] In addition,
genetic algorithms (GA) can be used with computationally
efficient methods to solve the optimization problem in materials
discovery.[33]

Ultra-small nanoparticles are gaining attention in electrocatal-
ysis for their distinct advantages.[34–36] As nanoparticle size de-
creases, surface area and atomic utilization efficiency increase,
exposing a large number of active sites and enhancing catalytic
performance.[37] We hypothesize that synthesizing ultra-small
high-entropy nanoparticles (HENPs) could further amplify cat-
alytic activity by combining the benefits of reduced particle size
with HEMs’ unique properties. However, these nanoparticles
face significant synthetic challenges, including aggregation and
thermodynamic instability at elevated temperatures.[38] To ad-
dress these challenges, we adopted a polyol synthesis method,
which is simple, cost-effective, low-temperature process, and
time-efficient.[39]

Our novel octonary HENP catalysts were designed using five
non-noble metals (Al, Sn, Co, Ni, Cu, Ce) and two noble metals
(Ir, Rh) based on the concept of high-entropy alloys to explore
optimal compositions for water electrolysis, minimizing noble
metal use. The HENP catalysts leverage the synergistic effects of
multiple metals to enhance catalytic performance, and the com-
bination of noble and non-noble metals balances performance
and affordability.[40]

This study leverages a Bayesian optimization-based ML model,
combined with systematic experimental data, to develop a pre-
dictive model for optimized HENP precursor compositions and
catalytic performance in water electrolysis. Seventy datasets were
generated through high-throughput experiments under consis-
tent synthetic and testing conditions to train and validate the
ML model, which subsequently predicted the overpotential for
a new octonary system. After 200 iterations, optimal precursor

compositions were identified and experimentally validated. The
final precursor composition for the hydrogen evolution reaction
(HER) catalyst exhibited an overpotential of 12 mV, while the oxy-
gen evolution reaction (OER) catalyst demonstrated an overpo-
tential of 239 mV at a current density of 10 mA cm−2. These
results reveal superior catalytic performance compared to com-
mercial Pt/C and IrO2 catalysts, respectively.

2. Results and Discussion

2.1. Optimal Composition of HENPs via Bayesian Optimization

Bayesian optimization (BO) algorithm combined with experi-
mental testing was applied to identify the optimal precursor com-
position of HENP electrocatalysts for minimizing HER and OER
overpotentials in alkaline water splitting. The conceptual design
of this study is illustrated in Figure 1, encompassing i) cata-
lyst synthesis and performance analysis, ii) integration of BO
method, and iii) validation and characterization. Figure 1a out-
lines the workflow for discovering low-overpotential HENPs for
alkaline water splitting. Eight distinct metal chloride precursors
were selected, with their molar concentrations varied randomly
during the synthesis (Figure 1b). The HENPs were synthesized
via a polyol method, with NaBH4 serving as a reducing agent.
This process facilitated the reduction of metal ions to isolated
atoms, which then coalesced to form nuclei. After a 2-h reaction
at 230 °C, the HENPs were generated as black precipitates. Elec-
trochemical analysis was conducted to measure HER and OER
overpotentials at 10 mA cm−2 via linear sweep voltammetry (LSV)
in a 1M KOH electrolyte (Figure 1c). LSV curves for minimum
(HENPs: y) and maximum (HENPs: x) overpotentials are shown
in Figure 1c, while complete datasets, including LSV curves and
overpotential values with corresponding precursor compositions,
are provided in the Supporting Information (Figures S1 and S2;
Table S1, Supporting Information). The BO process, illustrated
in Figure 1d, utilized the molar concentrations of precursors and
their experimentally measured overpotential values as input data.
Gaussian Process Regression (GPR) was employed to predict re-
lationships between the 8-D precursor composition vectors and
overpotential values.

This GPR model enabled control over process parameters,[41]

while the upper confidence bound (UCB) acquisition func-
tion proposed compositions for subsequent testing by balanc-
ing predicted outcomes from the surrogate model with as-
sociated uncertainties.[42] Through iterative updates, the ac-
quisition function identified the next composition of inter-
est, and 200 optimization iterations were sufficient to dis-
cover locally optimal compositions.[43] Three input datasets
were utilized in this study: two targeting the HER and
one targeting the OER (Tables S1–S3, Supporting Infor-
mation). Based on the experimental precursor composition
and performance data, we identified 10 optimal precur-
sor compositions in each case using BO process (Tables
S2–S4; Figures S3 and S4, Supporting Information). We be-
gan by evaluating the GPR model’s performance and an-
alyzing the influence of individual metal elements (input
variables) on HER overpotential, as shown in Figure 2.
The HER overpotential predictions for the suggested cata-
lysts were assessed, and the contribution of the eight con-
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Figure 1. Conceptual design of this work, a) workflow for searching low overpotential HENPs catalysts for alkaline water splitting, b) schematic of the
HENPs nanoparticle synthesis, c) HER and OER performance analysis, linear sweep voltammetry curves of HENPs with minimum (HENPs: y) and
maximum (HENPs: x) overpotential, d) active learning through BO and e) HR-TEM images of ultra-small HENPs, EDS mapping, and LSV curves of
overall alkaline water splitting.

stituent metal elements was analyzed using SHapely Additive
exPlanations (SHAP).[44] Before we begin, two regression mod-
els, GPR and XGBoost (a widely used decision tree-based al-
gorithm), were compared as surrogate model in BO. The GPR
model outperformed XGBoost for this dataset and was there-
fore adopted as the regression model throughout this work
(Figure 2a,b; Figure S5, Supporting Information). While the
GPR model effectively predicted HER overpotentials, it strug-
gled to predict OER overpotentials (Figure 2a,b; Figure S6,

Supporting Information), likely due to limitations in the train-
ing dataset or feature vectors. Increasing the number of tested
metal compositions could improve prediction accuracy; how-
ever, generating such data is a labor-intensive process that ex-
ceeds the scope of this work, which aims to optimize elec-
trocatalysts using a small, laboratory-scale dataset. Addition-
ally, this suggests that OER overpotential is influenced by fac-
tors beyond metal composition alone, in contrast to HER.
Thus, a more comprehensive feature vector was prepared
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Figure 2. Prediction using the GPR model and Leave-One-Out Cross-Validation (LOOCV) with a) 50 initial and b) 10 suggested catalysts proposed by
optimization (a total of 60 catalysts). c) SHAP analysis to determine the effect of each metal element on the HER overpotential. The concentration of the
element is shown as a color bar on the right side. d) Average mol% of elements in initial (blue) and suggested catalysts (green), e) mol% of elements in
catalyst with lowest HER overpotential in initial (blue) and suggested catalysts (green), and f) the mol% of element in 10 suggested catalysts. All HER
overpotential values are validated through experiments.

using the physical properties of the elements. The feature
vector with metal composition and physical properties im-
proved the prediction performance of OER. However, the per-
formance of the GPR model was not satisfactory to be used
for BO of catalysts for OER (Figure S7, Supporting Informa-
tion). This implies that the generation of more experimen-
tal data may be required, which is beyond the scope of this

work. This aspect could be addressed in future research. Con-
sequently, BO was applied to optimize HENP performance for
HER, leaving OER optimization for future studies. Including the
BO-suggested catalysts in the training dataset enhanced the
predictive accuracy of the GPR model (Figure 2b). With the
model reasonably predicting HER performance, we quantita-
tively analyzed the impact of individual metal components on
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Figure 3. Distribution of catalysts in a) training dataset (denoted as Init), b) newly suggested data from the first round (denoted as 1st Sug) added to
(a), and (c) newly suggested data from the second rounds (denoted as 2nd Sug) added to (b). d–f) For the catalyst distributions illustrated in (a–c), the
different coloring scheme was adopted based on the overpotential (mV) values.

overpotential using the SHAP values (Figure 2c). SHAP value
was used as a measure of the effect of each input variable on the
target outcome.[45]

For a given metal element, a positive SHAP value indicates
a proportional relationship between its content and HER over-
potential, while a negative value indicates an inverse relation-
ship. Larger absolute SHAP value denotes a greater influence
on the target variable. This analysis revealed that lower Sn con-
tent and higher Rh and Cu content generally improved the
HER performance, highlighting opportunities for further catalyst
development. By incorporating insights from SHAP analysis and
BO, our study demonstrates a robust approach for optimizing
HENPs with minimal experimental effort. Total 60 catalysts were
used in SHAP analysis, and 10 suggested catalysts proposed by
BO were evaluated experimentally to calculate their HER over-
potential. On average, the proposed catalysts contained lower Sn
content and higher Al, Cu and Rh content. This trend was evident
when comparing the elemental composition of the initial cata-
lysts with those suggested by BO (Figure 2d). Additionally, a com-
parison between the best-performing catalysts before and after
BO revealed notable differences in Al and Rh content (Figure 2e).
According to the SHAP analysis, an increased Al content in-
creases the HER overpotential, whereas Rh had an inverse effect
(Figure 2c). These observations indicate that the results achieved
an effective balance between exploitation and exploration within
the BO framework in the chemical space. The distribution of the

10 catalysts proposed in the initial BO iteration highlighted the
convergence in the content of Sn, Co, Ir, and Ce, while the com-
position of other elements displayed variability (Figure 2f).

To visualize the training data and newly proposed compo-
sitions, dimensionality reduction was performed using the t-
distributed Stochastic Neighbor Embedding (t-SNE) method.[46]

This method was adopted because of the inherent difficulties in
visualizing and analyzing the 8-D vectors in the search space,
which corresponds to the number of metal elements. The initial
dataset (represented by circles) and the compositions suggested
through BO (represented by squares and stars) were shown in
Figure 3, alongside catalyst performance. The t-SNE analysis
revealed clustering patterns among the catalysts, with the BO-
suggested catalysts forming clusters near those exhibiting supe-
rior performance. This observation suggests that BO effectively
proposed new compositions based on the provided dataset. The
compositions identified through BO were subsequently validated
experimentally, and their surface properties were characterized
as described later. The t-SNE results provided insight into the
patterns present within the catalyst compositions. Interestingly,
the catalysts proposed through the optimization process were
localized in the lower-left region of the 2-D plane, correspond-
ing to superior performance (i.e., lower HER overpotential), as
shown in Figure 3b,e. After the second round of optimization,
the newly suggested catalysts were distributed more narrowly in
this region (Figure 3c,f). During the optimization process, the BO
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Figure 4. a) One optimization round. Red circle: initial training data; purple circle: suggested catalyst from each step; green square: suggested best
catalyst; green circle: experimental result with the suggested best catalyst. In practice, the 200-step optimization (orange region in Figure 4) was inde-
pendently repeated 10 times, with one catalyst composition proposed from each optimization. Element composition of 10 best (low HER overpotential)
and worst (high HER overpotential) catalysts b) in 1st optimization round and c) 2nd optimization round. Error bars shown in all panels represent the
standard deviation.

algorithm navigated the composition space using predictions
from the GPR model, identifying catalyst compositions with the
potential to reduce HER overpotential. The optimization demon-
strated convergence by the two rounds, indicating that addi-
tional iterations were unnecessary. While a comprehensive explo-
ration of the composition space could potentially identify novel
catalysts with enhanced activity, the associated computational
and experimental costs were deemed prohibitive. As a result,
the optimization was concluded after the second round in this
study.

Throughout the BO process, the GPR model was employed
to predict the performance of hypothetical catalyst compositions.
To assess whether the optimizer adequately explored the spec-
ified composition space, the compositions and performance of
catalysts examined during one optimization round were ana-
lyzed (Figure 4). At the beginning of optimization, the train-
ing data (“Input” in Figure 4a) comprised 50 catalysts span-
ning a range of HER overpotentials. Red circles in Figure 4a
represent the compositions and experimental performance of
these catalysts. BO was performed based on these training data
points, with the pre-trained GPR model predicting the perfor-
mance of proposed catalysts (“Optimization” in Figure 4a). The
purple points in Figure 4a indicate the compositions suggested
during 200 optimization steps, reflecting the predictions made
by the GPR model. In the proposal and validation stage (“Out-
put” in Figure 4a), the catalyst with the best predicted perfor-

mance among the 200 proposed compositions (green square)
was selected, and its actual performance was confirmed exper-
imentally (green circle). Most of the proposed catalysts were
well within the standard deviation predicted by GPR. However,
a catalyst falls outside this range and in the range of about
two times the standard deviation. By including this data in the
training data, the GPR model can predict this data accurately
in the next round of BO. By comparing the top 10 and bottom
10 catalyst compositions in terms of HER overpotential within
a single optimization round (Figure 4b,c), it was evident that
a wide range of compositions had been explored. Additionally,
catalysts proposed during the optimization process generally ex-
hibited good experimental performance, demonstrating the ef-
fectiveness of the BO approach in conjunction with the GPR
model.

2.2. Experimental Validation of Optimal HENPs

Upon completing all iterations, the optimal composition of the
octonary HENP catalyst was identified, exhibiting an exception-
ally low HER overpotential of 0.007 mV (Table S4, Support-
ing Information). This composition was further validated exper-
imentally. The electrocatalytic activity and stability of the HENPs
for HER were evaluated in a three-electrode configuration
through a series of electrochemical tests and compared with the
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commercial Pt/C. Linear sweep voltammetry (LSV) curves of
HENPs and Pt/C in 1M KOH alkaline electrolyte (pH 13.9)
at a scan rate of 2 mV s−1 are presented in Figure 5a. The
LSV curves, recorded without iR-compensation and normalized
to a geometric surface area of 1 cm2, revealed that HENPs
achieved a low overpotential (ɳ) of 12 mV at a current den-
sity of 10 mA cm−2, which is lower than Pt/C (ɳ10 = 16 mV).
At higher current densities (50, 100, 150, and 200 mA cm−2),
the HENP electrodes required overpotentials of 76, 147, 249,
and 290 mV versus RHE, respectively, all of which were lower
than those required by Pt/C (Figure S8, Supporting Informa-
tion). Additionally, the HENPs outperformed other recently re-
ported high-entropy and precious metal-based HER electrocat-
alysts (Figure 5j; Table S5, Supporting Information). HER-LSV
curve of HENPs measured in a three-electrode setup using
Hg/HgO reference electrode, graphite rod counter electrode in
1 M KOH solution is provided in Figure S9 (Supporting Informa-
tion). No overpotential change was observed at 10 mA cm−2, al-
though a slight difference in current density was noted at higher
negative potentials. To further understand the electrochemical
behavior of HENPs, Tafel plots were analyzed (Figure 5b). The
HENPs exhibited a Tafel slope of 34.7 mV dec−1, indicating the
Volmer–Heyrovsky mechanism governs the HER.[47] This Tafel
slope was much lower than that of Pt/C (36.1 mV dec−1), sug-
gesting more efficient hydrogen desorption on HENP catalyst
surface.

For the OER, the optimal HENP composition demonstrated a
remarkably low overpotential of 213.06 mV (Table S3, Supporting
Information), which was also validated experimentally. The OER
activity and stability of HENPs were compared with those of com-
mercial IrO2. Figure 5c shows the OER-LSV curves of HENPs
and IrO2 in 1M KOH alkaline electrolyte at a scan rate of 2 mV
s−1. Reverse LSV scans were employed to minimize interference
from oxidation peaks of metal ions. The HENPs demonstrated
superior OER catalytic activity, achieving an overpotential of 239
mV at 10 mA cm−2 (without iR correction), far surpassing IrO2
(311 mV) and other recently reported catalysts (Figure 5k;
Table S6, Supporting Information). The experimentally validated
results closely matched those predicted by the BO method, with
minor deviations attributed to electrode resistance. The OER
kinetics were further analyzed using Tafel plots (Figure 5d).
The HENPs exhibited a low Tafel slope of 44 mV dec−1, sig-
nificantly smaller than IrO2 (81 mV dec−1), indicating that the
rate-determining step involves hydroxyl intermediate formation
(MO + OH− → MOOH + e−).[48]

The electrochemical surface area (ECSA) of the HENPs was
determined using the double-layer capacitance (Cdl) method,
based on cyclic voltammetry (CV) measurements in the non-
Faradaic region at varying scan rates (Figure S10, Support-
ing Information). As shown in Figure 5e, the Cdl of HENPs
(24.12 mF cm−2) surpassed that of IrO2 (19.18 mF cm−2),
corresponding to ECSA values of 962.7 and 776.5, respectively
(Figure S11, Supporting Information). The superior ECSA of
HENPs is attributed to their ultra-small particle size, abundant
reactive sites, and high surface exposure. Intrinsic catalytic ac-
tivity was assessed through turnover frequency (TOF), calculated
from the equation, TOF (s−1) = (J × A)/(F × 2 × n),[49] where,
J is the current density (mA/cm2), A is the area (cm2), F is the
Faraday constant and n is the number of moles of elements, cal-

culated on the basis of the weight of the catalyst loading on the
electrode surface. The TOF values of HENPs exceeded those of
Pt/C and IrO2 across various reduction and oxidation potentials
(Figure S12a,b, Supporting Information), attributed to the syner-
gistic effects among constituent atoms and optimized adsorption
strength of intermediates.[50] Charge transfer resistance (Rct) was
evaluated via Nyquist plots, fitted by the capacitance-resistance
circuit (Figure 5f), under a positive potential of 0.5 V with the
frequency range of 0.1 to 105 Hz. The HENPs exhibited a lower
Rct (2.65 Ω) compared to IrO2 (3.22 Ω), indicating faster OER ki-
netics at the electrode–electrolyte interface. The presence of two
semicircles in the Nyquist plot suggested mixed states involving
both metals and oxides.[51] The stability of HENPs was assessed
using chronopotentiometry under HER and OER conditions at
10 mA cm−2 for 25 h (Figure 5g). The HENPs maintained consis-
tent performance throughout, with no notable loss in HER over-
potential and minimal OER overpotential loss (≈0.01 V). The LSV
curves before and after stability testing are shown in Figure S13
(Supporting Information). To evaluate overall water-splitting per-
formance, an alkaline electrolyzer was assembled using HENPs
as both the anode and cathode. The electrolyzer required a re-
markably low cell voltage of 1.48 V (total overpotential of 0.25 V)
to achieve 10 mA cm−2, outperforming the Pt/C||IrO2 reference
(1.59 V; Figure 5h). Furthermore, the electrolyzer demonstrated
excellent durability over 15 days of operation (Figure 5i).

2.3. Characterization of Optimal HENPs

The particle size and microstructure of the HENPs were charac-
terized using high-resolution transmission electron microscopy
(HR-TEM) (Figure 6a–c). The analysis revealed ultra-small
nanoparticles uniformly distributed without noticeable aggrega-
tion (Figure 6a). A statistical analysis of fifty randomly selected
nanoparticles indicated a mean size of ≈2.02 nm, with a nar-
row size distribution (Figure 6a inset). This particle size is sig-
nificantly smaller than those reported for other high-entropy cat-
alysts (Tables S5 and S6, Supporting Information). The surface
area was found to exhibit a linear correlation with the inverse of
particle size, emphasizing the critical role of controlled size in
catalytic reaction kinetics. Previous studies have shown that par-
ticle sizes below 5 nm can induce substantial changes in catalytic
behavior.[52] High-magnification HR-TEM images (Figure 6b)
displayed distinct lattice fringes with interplanar spacings of 0.22
nm and 0.19 nm, corresponding to the (111) and (200) facets
of face-centered cubic (FCC) high-entropy nanoparticles.[53] Se-
lected area diffraction pattern (SAED) patterns (Figure 6c) exhib-
ited diffraction rings with discrete spots, confirming the crys-
tallinity of the nanoparticles, and the diffraction rings were in-
dexed to the (111), (200), and (220) planes of the FCC structure.

The powder X-ray diffraction (PXRD) pattern (Figure 6d) fur-
ther corroborated the TEM findings, displaying broad diffraction
peaks at 40.9°, 52.98°, and 69.15°, corresponding to the (111),
(200), and (220) planes of FCC-structured HENPs.[54,55] The ab-
sence of distinct metallic peaks confirmed the successful for-
mation of high-entropy nanoparticles. Energy-dispersive spec-
troscopy (EDS) mapping and line scanning profiles (Figure 6e–n;
Figure S14, Supporting Information) revealed a uniform distri-
bution of all constituent elements throughout the nanoparticles,

Adv. Funct. Mater. 2025, 2424887 2424887 (7 of 13) © 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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Figure 5. a) HER-LSV curves of HENPs, and Pt/C in 1 m KOH solution, b) corresponding HER Tafel plots, c) OER-LSV curves of HENPs, and IrO2
in 1 m KOH solution, d) corresponding OER Tafel plots, e) current density difference plotted against scan rates and the estimation of Cdl f) Nyquist
plots of HENPs and IrO2, g) chronopotentiometry of HENPs at a constant current density of 10 mA cm−2 for 24 h. h) LSV polarization curve of HENPs
electrodes for overall water splitting reaction in a two-electrode configuration, i) long-term durability test at a current density of 10 mA/cm2 for 15 days,
j) comparison of HER overpotential with recent reports in alkaline electrolyte. k) comparison of OER overpotential with recent reports in alkaline elec-
trolyte.
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Figure 6. a) HR-TEM image of synthesized HENPs (insert: histogram for nanoparticle size distribution). b) High magnification HR-TEM image of HENPs
with diffraction plane analysis. c) SAED pattern of HENPs (insert: zoomed in version), d) PXRD pattern of HENPs, e–n) element mappings of HENPs.

indicating effective atomic mixing and the formation of a high-
entropy structure. The presence of uniformly distributed oxygen
was also detected, prompting the use of Raman spectroscopy to
evaluate metal-oxide bonds. Raman spectra (Figure S15, Support-
ing Information) showed a characteristic peak at 561 cm−1, at-
tributed to the M-O stretching vibration of high-entropy oxide
(HEO) nanoparticles.[56] The absence of peaks corresponding to
individual metal oxides suggested the formation of a combined
HEA-HEO heterostructure.

X-ray photoelectron spectroscopy (XPS) was employed to in-
vestigate the surface chemical states of the HENPs’s elements.
A survey scan spectrum confirmed the presence of Al, Sn,
Co, Ni, Cu, Ir, Ce, Rh, and O (Figure S16, Supporting Infor-
mation). High-resolution spectra provided further information

of each elements’ oxidation states: Al 2p: Peaks at 72.7 and
74.2 eV correspond to Al0 and Al3+ states, respectively
(Figure S17a, Supporting Information).[57] Sn 3d: Peaks at 485.2
and 493.6 eV correspond to Sn0, while 486.3 and 494.7 eV
indicate Sn4+ state (Figure S17b, Supporting Information).[58]

The lower contents of Al0 and Sn0 states compared to
the Al3+ and Sn2+ states are due to their high reduc-
ing activity.[59] Co 2p: Peaks at 778.2, 779.7, and 784.1
eV correspond to Co0, Co2+, and satellite peak, respectively
(Figure S17c, Supporting Information). Ni 2p: Peaks at 852.6,
856.8, and 866.1 correspond to Ni0, Ni2+, and satellite peak, re-
spectively (Figure S17d, Supporting Information). Cu 2p: Peaks
at 931.1 and 933.5 eV correspond to Cu0 and Cu2+, respectively
(Figure S17e, Supporting Information).[60] Ir 4f: Peaks at 60.7 and

Adv. Funct. Mater. 2025, 2424887 2424887 (9 of 13) © 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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63.9 eV correspond to Ir0, while peaks at 62.1 and 65.3 eV indi-
cate Ir4+ (Figure S17f, Supporting Information). Ce 3d: Peaks at
882.9, 885.7, and 889.7 eV correspond to Ce4+, Ce3+, and satellite
peak, respectively, with no metallic Ce observed due to its high
oxidation potential (Figure S17g, Supporting Information).[61] Rh
3d: Peaks at 307.1 and 311.5 correspond to Rh0, while 308.2 and
312.7 eV correspond to Rh3+, along with satellite peaks at 309.7
and 314.1 eV (Figure S17h, Supporting Information).[62] O 1s:
Peaks at 529.6, 530.4, and 532.7 eV were attributed to M-O, M-
OH, and adsorbed water, respectively (Figure S17I, Supporting
Information).

The XPS findings highlighted strong oxidation peaks for Ce,
Al, and Sn, consistent with their high electropositive and ox-
ophilic nature.[63] Their position at the lower end of the Elling-
ham diagram confirms their high oxidation potential, with an
inclination to their oxide formation.[64] Conversely, Ir, Rh, Co,
Ni, and Cu exhibited pronounced metallic peaks, aligning with
their high reduction potentials and positions at the upper end
of the Ellingham diagram. Together, these results confirmed the
HEA-HEO heterostructure of the synthesized HENPs. Similar
analyses were performed for HENPs optimized for OER (Figure
S18, Supporting Information). These nanoparticles exhibited a
particle size of 1.85 nm (Figure S18a, Supporting Information).
The SAED and XRD patterns (Figure S18c,d, Supporting In-
formation) confirmed the high-entropy structure plane orienta-
tion, while EDS mapping showed uniform element distribution
(Figure S18e,n, Supporting Information). XPS analysis revealed
trends similar to the HER-optimized HENPs, with strong oxida-
tion peaks for Ce, Al, and Sn, and metallic peaks for Ir, Rh, Co,
Ni, and Cu (Figure S19a–I, Supporting Information).

To understand the improved performance of the HER catalyst
found in this work, additional DFT calculations were performed
and several adsorption sites were compared in terms of the hy-
drogen adsorption free energy. Due to the intrinsic complexity
of HENPs, not all adsorption sites were considered in the DFT
calculations. As shown in Figure S20 (Supporting Information),
the DFT results showed that Rh site was considered as the most
promising site for HER, which was consistent with the exper-
imental findings. Among other surface atoms, Ir and Sn sites
could be involved in HER. To determine the effect of the microen-
vironment, the hydrogen adsorption free energy was calculated
for three Rh atoms on the surface. The results showed that the
environment can change the free energy by ≈ 0.2 eV (Figure S21,
Supporting Information). Therefore, it was concluded that the
enhanced performance observed in HENPs was primarily due to
the presence of Rh sites modulated by the microenvironment of
other elements. The effect of the other elements in the detailed
calculations will be an interesting topic for future research.

The dissolution of metal elements during electrochemical test-
ing under alkaline conditions is indeed a valid concern. We
performed TEM analysis to examine the morphological and
structural changes in the HENPs catalyst after HER and OER
stability. Figure S22a–d (Supporting Information) presents the
HR-TEM images of HENPs after 25 h of HER/OER stability
testing. No significant changes in morphology were observed;
however, nanoparticle aggregation was noted, particularly after
the OER stability test, which is expected under harsh alkaline
conditions.[65,66] Despite this, the results confirm the structural
stability of the synthesized HENPs catalyst. To further investi-

gate the atomic ratio of elements before and after the stability
tests, XPS analysis was conducted. Table S8 (Supporting Infor-
mation) provides the elemental composition information of the
HENPs catalysts before and after stability tests. While some de-
gree of elemental dissolution occurred during the electrochemi-
cal tests, all elements were still detectable after the stability tests.
For HER, rhodium exhibited slight dissolution, indicating its role
as a prominent active site for the HER reaction. For OER, alu-
minum and tin displayed higher dissolution levels after the sta-
bility tests, highlighting their susceptibility to dissolution under
prolonged OER operations.

From our findings, the synthesized HENPs exhibit excellent
HER and OER activities. However, the ML model showed lim-
itations for OER catalysts due to the dynamic catalytic activa-
tion process occurring in situ during water oxidation, which dis-
rupts the simple relationship between the chemical composition
of HENPs and their catalytic performance. DFT calculations re-
vealed that Rh is a key contributor to active sites for HER, and the
electronic structure modulations by neighboring atoms further
enhance HER activity. The stability of HENPs under HER and
OER conditions is influenced by the leaching of certain elements,
such as Al and Sn, in harsh alkaline media. This insight suggests
strategies to enhance stability, such as immobilizing HENPs on
stable supports or alloying with more corrosion-resistant ele-
ments. Additionally, nanoparticle aggregation observed after pro-
longed testing emphasizes the need to optimize particle size and
distribution to maintain structural integrity during electrochemi-
cal reactions. The ML approach not only accelerates the screening
process but also provides valuable insights into key factors such
as metal ratios that affect catalytic activity and stability. Further-
more, other factor including particle size, crystal facets, strain ef-
fects, and structural evolution during electrochemical reactions
significantly influence HER/OER performance.[67–69] These as-
pects are critical for designing highly efficient HER/OER electro-
catalysts, and future research will focus on these areas in greater
detail.

3. Conclusion

A catalyst-discovery framework was developed by integrating
an active learning model with Bayesian Optimization (BO) to
efficiently explore the extensive compositional space of octonary
high-entropy nanoparticles (HENPs) for hydrogen and oxygen
evolution reactions (HER and OER). This framework enabled
dynamic, user-guided interaction with machine learning, facil-
itating systematic convergence toward optimal compositions
while minimizing experimental data requirements. Precursor
mixture composition served as the primary input, supported
by a high-throughput experimental dataset. Gaussian Process
Regression (GPR) surrogate models were utilized for rapid
prediction of target properties, while SHAP analysis and the
t-SNE method provided insights into composition-property rela-
tionships. Through BO, 10 promising HENP compositions were
identified and experimentally evaluated. The optimized HER
catalyst demonstrated an exceptionally low overpotential of 12
mV, while the OER catalyst exhibited an overpotential of 239 mV
at a current density of 10 mA/cm2, outperforming commercial
Pt/C and IrO2 catalysts, respectively. For HER, the frame-
work successfully enhanced catalytic performance within the
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prediction uncertainty of the machine learning model. However,
for OER, the quality of the initial machine learning model was
insufficient, and limitations in the approach were observed. The
limitation is attributed to the dynamic catalytic activation process
occurring in situ during water oxidation, which disrupt the linear
relationship between the chemical composition of HENPs and
their catalytic performance. For OER, simplifying the catalytic
material is necessary, but this poses challenges in securing the
extensive amount of data required for machine learning, thereby
limiting the application of this method. At present, enhancing
the efficiency of OER has been achieved primarily through cata-
lyst design based on human intuition. This study demonstrates
the potential of AI-assisted catalyst development for hydrogen
evolution reaction while also addressing its limitations for more
complex reactions like oxygen evolution reaction. These findings
provide a foundation for further refinement of machine learn-
ing frameworks and suggest directions for integrating human
expertise with data-driven methodologies in catalyst discovery.

4. Experimental Section
Ultrasmall High Entropy Nanoparticles(HENPs) Synthesis: All chemi-

cals were purchased from Sigma-Aldrich. Eight different metal precursors–
AlCl3 (anhydrous), SnCl2.2H2O, CoCl2.6H2O, NiCl2.6H2O, CuCl2 (anhy-
drous), IrCl3.xH2O, CeCl3.7H2O, and RhCl3⋅xH2O–were dissolved in 50
ml deionized (DI) water. Separately, 0.55 mg of poly(N-vinyl-2-pyrrolidone)
(PVP) and 0.2 g of NaBH4 were dissolved in 150 mL of triethylene
glycol (TEG). The metals precursor solution was added dropwise into
the preheated TEG solution at 230 °C under stirring for 2 h, then al-
lowed to cool. The octonary AlSnCoNiCuIrCeRh HENPs were separated
via centrifugation with acetone and washed with ethanol and DI water
several times to remove excess PVP. The resultant black powder was
dried in a vacuum oven at 60 °C. To construct the dataset for explor-
ing the optimal composition, molar concentrations of the metal pre-
cursors were randomly selected, as detailed in Table S1 (Supporting
Information).

Characterization: The crystal structure and phase formation of the cat-
alysts were analyzed using a powder X-ray diffractometer (PXRD; Smart
lab, Rigaku) equipped with a CuK𝛼 radiation emitter (9 kW) and a
PIXcel2D detector, operating at 40 kV and 30 mA. The high-entropy struc-
ture and ultrasmall particle size were observed using a high-resolution,
double-Cs-corrected transmission electron microscope (HR-TEM, JEM-
ARM300F2, JEOL) coupled with an energy-dispersive X-ray spectroscopy
(EDS) analyzer, operated at 300 kV. Elemental mapping was performed
using an 80 keV JEM ARM 200F equipped with a spherical aberration cor-
rector. Surface composition and electronic states of the HENPs were in-
vestigated using high-resolution X-ray photoelectron spectroscopy (XPS;
NEXSA, Thermo Fisher Scientific) with AlK𝛼 radiation and a 128-Channel
detector.

Electrochemical Analysis: Electrochemical measurements were con-
ducted at room temperature using a Gamry Interface 1010 potentio-
stat/galvanostat/ZRA. A three-electrode setup was used, with a Pt wire
as the counter electrode, an Ag/AgCl electrode saturated with KCl as
the reference, and the synthesized HENPs on carbon paper (CP, surface
area = 1 cm2) as the working electrode. Catalytic ink was prepared by dis-
persing 10 mg of the synthesized HENPs in 950 μL of isopropyl alcohol
and 50 μL of Nafion solution. A 20 μL aliquot of the ink was coated onto a
cleaned CP surface (loading mass = 0.2 mg cm−2) using a micro-syringe,
and the CP was dried at 80 °C for 2 h. A similar procedure was used to
prepare Pt/C and IrO2 electrodes for comparison.

Catalytic activities were evaluated using linear sweep voltammetry
(LSV) at a scan rate of 10 mV s−1 in 1 m KOH (pH 13.9) electrolyte. Po-
tentials measured against Ag/AgCl were converted to potentials versus
RHE using the Nernst equation (ERHE = EAg/AgCl + 0.197 + 0.05916×pH).
Electrochemical impedance spectroscopy was conducted over a frequency

range of 10−2 to 105 Hz, applying potentials of 1.52 V versus RHE. The
electrochemically active surface area (ECSA) was estimated by calculating
the electrochemical double-layer capacitance (Cdl) in a non-Faradaic po-
tential region. Cyclic voltammetry (CV) was conducted at scan rates of 1,
5, 10, 15, 20, and 25 mV s−1. Current density differences (∆I) were plotted
against scan rates to determine 2Cdl, where 2Cdl = d(∆I)/d𝜈. Electrochem-
ical stability was assessed using chronopotentiometry under constant cur-
rent densities of −10 mA/cm2 (for HER) and 10 mA/cm2 (for OER). Over-
all water-splitting performance was evaluated in a two-electrode setup with
1 M KOH electrolyte.

Machine Learning (ML) and Bayesian Optimization (BO): A framework
combining machine learning (ML) and Bayesian optimization (BO) was
developed to explore the optimal composition of catalysts containing 8
metal elements (Al, Sn, Co, Ni, Cu, Ir, Ce, and Rh). Initially, 50 experimental
data points were generated by randomly selecting molar concentrations of
the elements, with HER and OER activities evaluated experimentally. The
results were included in the initial dataset. The input variable for the ML
models was the precursor ratio used in HENP synthesis. The output or
target variable was the measured HER/OER overpotential for each HENP
composition. These experimental results were incorporated into internal
Gaussian Process Regression (GPR) models within the BO code. The list
of hyperparameters used in this study was tabulated in the Table S7 (Sup-
porting Information). The first round of BO used the entire experimental
dataset to train the GPR model, followed by 200 iterations using the up-
per confidence bound (UCB) acquisition function. With the UCB acquisi-
tion function, the prediction uncertainty estimated from the GPR model
was considered in the BO. This approach identified catalyst compositions
predicted to exhibit optimal performance. By varying the random number
seed, 10 new catalyst compositions were suggested for experimental val-
idation. For HER, novel compositions not included in the training data
were identified, whereas for OER, the suggested compositions were simi-
lar to the best catalysts in the training data. Thus, a second round of BO
was conducted to improve only the HER activity. This iteration used an
expanded dataset of 60 experimental data points. Performance improve-
ments after the second round were marginal, indicating convergence of
the BO process. The BO code is publicly available at our GitHub reposi-
tory (https://github.com/hwk-grp/BO_HENPs).

Statistical Analysis: The GPR model is basically based on a Gaussian
distribution and provides both predicted values and associated uncer-
tainty. In this work, the GPR model was used as implemented in the Scikit-
learn library[70] and the uncertainty was expressed in terms of standard de-
viation (SD). All results obtained with the GPR model were presented as
mean ± SD. Surrogate models for BO were compared using leave-one-out
cross-validation. It appears that a histogram analysis was used to show the
particle size distribution of HENPs, which is a common statistical analysis
among experimentalists.

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