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The development of active catalysts for hydrogen evolution reaction (HER) made from low-cost materials constitutes a crucial
challenge in the utilization of hydrogen energy. Earth-abundant molybdenum disulfide (MoS2) has been discovered recently with
good activity and stability for HER. In this report, we employ a hydrothermal technique for MoS2 synthesis which is a cost-
effective and environmentally friendly approach and has the potential for future mass production. Machine-learning (ML)
techniques are built and subsequently used within a Bayesian Optimization framework to validate the optimal parameter
combinations for synthesizing high-quality MoS2 catalyst within the limited parameter space. Compared with the heavy-labor and
time-consuming trial-and-error approach, the ML techniques provide a more efficient toolkit to assist exploration of the most
effective HER catalyst in hydrothermal synthesis. To investigate the structure-property relationship, scanning electron microscope
(SEM), transmission electron microscope (TEM), X-ray diffraction (XRD), Raman spectroscopy, X-ray photoelectron spectro-
scopy (XPS), and various electrochemical characterizations have been conducted to investigate the superiority of the ML validated
optimized sample. A strong correlation between the material structure and the HER performance has been observed for the
optimized MoS2 catalyst.
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The ever-increasing demand for energy consumption and harmful
CO2 emission necessitate the urgent need for clean energy. As an
eco-friendly fuel with the highest gravimetric energy density, the
widespread adoption of hydrogen fuel will reduce energy-related
emissions and improve energy efficiency.1–4 Hydrogen can be
produced by electrochemical water splitting. Achieving high-effi-
ciency water splitting requires the use of a catalyst to minimize the
overpotential to drive the hydrogen evolution reaction (HER).5–9 Pt-
group metals (PGM) are excellent catalysts for HER, but their
practical applications are limited by the high cost and scarcity.10–14

Therefore, the development of active HER catalysts made from low-
cost materials constitutes a crucial challenge in the utilization of
hydrogen energy. Recently, earth-abundant two-dimensional (2D)
transition metal dichalcogenides (TMDs) have been discovered and
demonstrated enormous potentials in various energy-related applica-
tions including energy storage, catalysis, electronic devices, and
biosensors.15–18 Among them, molybdenum disulfide (MoS2) has
been proved with outstanding catalytic activity and stability for
HER.19–23 MoS2 can be prepared by various techniques including
wet chemical synthesis, physical and chemical vapor
deposition.24–28 Nevertheless, the above-mentioned methods nor-
mally involve the use of toxic reactants and complicated processes
which are not environment friendly and cost-effective.

On the other hand, Machine-Learning (ML) technique has been
identified as an effective approach to facilitate material exploration.
For example, Kaxiras’s group29 employed a data-driven approach to
investigate the magnetic properties of different A2B2X6 monolayer
structures considering the total energy, magnetic order, magnetic
moment, and magnetic excitation energy. Fyta et al.30 exploited an
ML approach to evaluate the lithium adsorption free energy on

TMDs which was found to be dominated by the lowest unoccupied
state of the substrate. In their report, a set of descriptors were
constructed and the adsorption energy of different alkali metals on
different TMDs was successfully predicted with the help of ML.
Such data-driven methods are amenable when there exists a large
body of existing reliable data to which we can fit ML models with a
high degree of fidelity. However, in many instances, such data is
sparse and expensive to obtain experimentally. Closed-loop design
and Bayesian methods, such as Active Learning and Bayesian
Optimization (BO)31 can be utilized to mitigate this problem. BO
has been shown effective in the optimization of many materials
systems, including optimizing chemical synthesis,32,33 synthesis of
quantum dots,34 and phase-change memory nanocomposites,35 to
name a few examples. When dealing with a particular device
application (such as catalysis) involving novel material develop-
ment, however, their limitation is exacerbated by the fact that the
link to be established, namely that between synthesis parameters to
device performance spans the synthesis-material-device scale,
meaning statistical correlations inferred between a limited set of
synthesis conditions and corresponding device performance metrics
are diluted. In addition, multi-objective characterizations of device
performance also led to further difficulty in the optimization
problem.

Herein, we aim to employ an aqueous-based hydrothermal
synthesis technique which is an environmentally friendly and cost-
effective approach to achieve high-performance MoS2 HER cata-
lysts. Six sets of initial manually designed synthesis were conducted
and one was identified with better HER performance in terms of both
overpotential and the Tafel slope. To further improve the HER
performance, the synthesis condition needs to be further optimized.
Before further exploring the vast parameter space, it is necessary to
first validate the current manually picked synthesis parameters
representing the local optimality within the explored space in thezE-mail: huaminli@buffalo.edu; kreyes3@buffalo.edu; feiyao@buffalo.edu
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specific range considering the large parameter-selection intervals.
Therefore, we investigated how to use a closed-loop design in an
extreme case to perform an extremely limited, criteria-based
exploration of synthesis conditions space to validate manually
discovered optimized synthesis parameters. Specifically, a
Gaussian Process (GP) belief model was built to map the hydro-
thermal synthesis conditions to a corresponding figure of merit for
HER performance. The GP belief model was then used the BO
algorithm to suggest the next set of synthesis conditions, which were
then used to synthesize a new MoS2 sample. After characterizing the
HER activity of the sample, the GP beliefs were updated using
Bayesian statistics, and the updated posterior beliefs were used to
initiate the next iteration of the closed loop. Through executing this
closed loop several times within a limited iteration budget, we can
more effectively validate extant optimal conditions than compared to
a coarse grained, non-optimization-oriented design under similar
experimental budgets. As a result, the BO algorithm validated the
optimized MoS2 sample exhibited the best HER performance in
terms of overpotential and Tafel slope. The origin of the better HER
activity compared to the other samples can be attributed to the fast
ion transport associated with the enlarged interlayer space and the
increased number of potential active sites for HER originated from
the increased surface area.

Experimental Section

Materials and synthesis.—MoS2 samples were synthesized by a
hydrothermal technique using ammonium molybdate and thiourea
(Fisher Scientific, USA) as precursors. Specifically, ammonium
molybdate and thiourea were dispersed in DI water followed by
vigorously stirring until the solids were completely dissolved and a
transparent solution was obtained. The solution was then transferred
into a 100 ml Teflon line autoclave and heated in a convection oven.
The reaction conditions were manually selected for the initial design
of synthesis. Specifically, the temperature was set between 180 °C
and 205 °C. The reaction time was varied from 16 to 26 h. The Mo
and S precursor concentrations were selected between 0.02 ∼ 0.03
mol l−1 and 0.65 to 0.9 mol l−1 with a step variation of 0.002 and
0.05 mol l−1, respectively. The solution was then naturally cooled
down to room temperature after reaction and the precipitate was
collected by centrifugation and washed using DI water and ethanol
for three times each. The final product was then dried in a vacuum
oven overnight at 60 °C. The details for manually designed synthesis
conditions are listed in Table SI (available online at stacks.iop.org/
JES/168/126523/mmedia).

Characterization.—The morphology and composition of all
products were investigated by field-emission scanning electron
microscope (FE-SEM) and energy dispersive X-ray (EDS) (Carl
Zeiss AURIGA CrossBeam with Oxford EDS system). The trans-
mission electron microscopy (TEM) was conducted using the JEM
ARM 200 F system. X-ray diffraction and Raman spectroscopy were
performed using a Rigaku Ultima IV with Cu Ka radiation
(wavelength at 1.541 nm) and Renishaw InVia with an excitation
laser wavelength of 514 nm, respectively. X-ray photoelectron
spectroscopy (XPS) is performed using a monochromatic Al Kα
source (hv = 1486.6 eV, ESCALAB 250, Thermo Scientific).
Brunauer–Emmett–Teller (BET) specific surface area was measured
on the Micromeritics Tri-Star II system by nitrogen (N2) adsorption-
desorption isotherm at 77 K.

Electrochemical measurement.—The ink for the HER test was
prepared by dissolving 10 mg of as-prepared MoS2 in a mixture of
500 μl of ethanol, 500 μl of DI water, and 15 μl Nafion D-521
solution. The electrochemical characterization was performed using
CHI760E electrochemical workstation (CH Instrument) in a standard
three-electrode configuration which consists of a silver/silver
chloride (Ag/AgCl in 1 M KCl), a platinum (Pt) wire, and an ink-
coated glassy carbon rotating ring disc electrode as reference,

counter and working electrodes, respectively. The reference elec-
trode was converted to the potential vs ERHE based on the equation:
ERHE = EAg/AgCl + 0.059 pH + Eo

Ag/AgCl, where Eo
Ag/AgCl =

0.222 V. The loading amount of MoS2 catalyst is 0.285 mg cm−1

and the samples were cycled 20 times before any data recording.
Nitrogen gas saturated 0.5 M H2SO4 was employed as electrolyte.
The linear sweep voltammetry (LSV) was carried out at a scan rate
of 5 mV s−1 and the built-in IR compensation was executed prior to
LSV tests. The electrochemical impedance spectroscopy (EIS) was
tested from 0.1 Hz to 1 M Hz at an overpotential of 250 mV. For
each sample, the cyclic voltammetry (CV) was carried out in a series
of scan rates (20, 40, 50, 60, 80, and 100 mV s−1) in the potential
range of 0.05 ∼ 0.15 V vs RHE. The double-layer capacitance (Cdl)
was assessed from the slope of the linear regression between the
current density differences (ΔJ/2=(Janode-Jcathode)/2 at an overpoten-
tial of 0.1 V vs RHE) vs the scan rates. The accessible surface area
of as-synthesized samples could be approximated from the electro-
chemical active surface area (ECSA). The ECSA was determined by
ECSA = Cdl/Cs, where Cs stands for the specific capacitance of
standard electrode materials on a unit surface area. Here, based on
the literature reported Cs values for flat surfaces, 0.04 mF cm−2 was
used for ECSA calculations.36 The turnover frequency (TOF) was
calculated from CV measurement. The CV curve was measured in
phosphate buffer solution (pH = 7) at a scan rate of 50 mV s−1. The
TOF was then calculated following the equation: TOF = I/2 Fn,
where I is the current from the polarization curve, F is the Faradic
constant and n is the number of active sites. Among them, the n can
be estimated using the relationship: n = Q/2F, where Q is the
voltammetric charges and F is the Faradic constant, respectively.

Machine learning theory.—Closed-loop Bayesian exploration of
synthesis conditions was performed to validate the optimality of the
manually selected model within a limited experimental budget. Six
batches of MoS2 synthesis conditions (Mo and S precursor amount,
temperature, and reaction time) and the corresponding HER activity
(evaluated by overpotential at the current level of 10 mA cm−2, i.e.,
η10, and the Tafel slope) were used (see Table SI) to train Gaussian
Process (GP) belief model to express a scalar combination of the
electrochemical responses as a function of input synthesis condi-
tions. Implicit in this modeling is that the material precursors, apart
from the concentration, remain constant throughout the campaign.
This technique can be adapted to learning optimal synthesis
conditions and choice of material, given an appropriate parameter-
ization of material properties as additional features or inputs to the
ML model. The GP was fit to these first six “seed” data points,
resulting in a Bayesian prior GP, B .6 We then selected experiments
based on this prior, according to one of several decision-making
policies such as the Expected Improvement (EI), Upper Confidence
Bound (UCB), Maximum Variance (MV), Exploration, and
Exploitation policies. A full derivation of the policies is provided
in the Supplemental Information. Broadly speaking, EI, UCB, and
Exploitation policies are those geared toward optimization, while
MV and Exploration are policies meant for generally learning the
response function. In general, the policies would score potential
experiments based on GP beliefs and some measure of information
gain. The experiments with maximal scores were selected. We refer
the reader to the Supplementary Information for more details.

Prior to running the physical, closed-loop experimental cam-
paign, we performed simulations of this campaign to assess model
and policy performance for the given problem. From the prior B6, we
sampled a surrogate for the ground truth response function * ̃f B .i

6

We then selected an experiment according to some policy
= ( )a Bx argmax x; ,7 6 and then simulated a noisy observation of

the ground truth:

*= ( ) +y f Wx ,i7
7
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where W is sampled from σ( )N 0; .W
2 This is used to form the

simulated posterior belief B ,7 which was subsequently treated as the
prior belief for the next iteration of the closed loop. By iterating
through this loop several times, we simulated an experimental
campaign. We then simulated 100 such campaigns, each with
different surrogates of the ground truth, * … *f f, , .1 100 We then
aggregated simulation results to calculate a performance metric
called relative Opportunity Cost (OC), which is a relative measure of
how optimal the predicted optimum synthesis conditions are
compared to the true optimal conditions, with smaller OC values
implying more optimal predictions.

Results and Discussion

Initial manual design of synthesis and performance evaluation
for aqueous-based MoS2 catalyst.—We employed a hydrothermal
technique for MoS2 synthesis where ammonium molybdate and
thiourea were used as Mo and S precursors, respectively. Such a
method involves no use of toxic reactants and therefore has a
potential for large-scale adoption due to its environmentally friendly
and cost-effective nature. The initial design of synthesis conditions
was manually picked based on our experimental experiences in
hydrothermal synthesis and each parameter was confined in a
specific range, as shown in Table SI. Six batches of manually
designed samples were labeled as MoS2−1 to MoS2−6 and the
corresponding HER activities were evaluated by LSV measure-
ments, as shown in Fig. 1a. The values of η10 were extracted from
the polarization curves which are 288, 243, 240, 254, 254, and
249 mV for sample MoS2−1 to MoS2−6, respectively (see Table
SI). It is clear to see that MoS2−3 exhibited the smallest η10 value,
indicating a better HER activity compared to the rest of the manually
designed samples.

As a multistep reaction, HER starts with Volmer reaction
( + → * ++ −H O e H H O3 2 ), and the intermediate (adsorbed H*) is
desorbed from the catalyst surface by either Tafel reaction
( * + * →H H H2) or Heyrovsky reaction
( + * + → ++ −H O H e H H O3 2 2 ) in acidic media. The values of
the Tafel slope can be used to identify the rate-determine step.37,38

The Tafel slopes are plotted in Fig. 1b and the related values are
summarized in Table SI. Except for MoS2−1 which showed a poor
HER performance, all of the other samples showed the Tafel slope
value in the range of 60 ∼ 80 mV dec−1, suggesting that Heyrovsky
reaction was the rate-determine step. The slow Heyrovsky reaction
can be ascribed to the large MoS2 resistance resulting in a limited
number of electrons that can be transferred to the catalyst/electrolyte
interface. The EIS measurement was carried out to investigate the
charge transfer resistance. The resulting Nyquist plots of each
sample are shown in Fig. 1c, where the charge transfer resistance
(Rct) governed HER kinetics can be evaluated by the radius of the
semicircle. Smaller Rct values were observed for MoS2−3 (31.0 Ω)
and MoS2−6 (48.8 Ω). Considering the values of both overpotential

and Tafel slope, we observed generally better HER performance for
MoS2−3 among the manually designed 6 synthesis conditions.

Prior policy assessment through simulations.—Since the initial
6 batches of synthesis were fully determined by the experimentalists’
experience and intuition, potentially superior synthesis conditions
may exist but were not chosen by the experimentalists in the initial
manual design process. To evaluate the optimality of MoS2−3, we
performed a limited BO to discover potentially superior synthesis
conditions. In BO, decision-making policies allocate a small number
of experiments between exploring the parameter space and focusing
on regions believed to yield promising results, based on a limited
understanding of the landscape it is exploring. This is called the
exploration vs exploitation trade-off, and policies that perform this
balance well typically are able to identify optima in fewer experi-
ments than trial-and-error or grid-based search approaches.39,40

In the past, BO has been used to efficiently explore synthesis
parameter space in order to optimize chemical and material
properties.34,41 In these past applications, the BO was executed on
a relatively large number (50 − 100 s) of experiments executed by
autonomous platforms. In this current setting, however, due to the
non-autonomous, manual work and time needed to execute the
synthesis and characterization of electrochemical performance,
validation of MoS2−3 is limited to a small number (less than 10)
of experiments. In addition, the characterization spans from synth-
esis and processing parameters of material to device performance,
requiring the optimization of several electrochemical quantities.

In this limited application, we utilized BO techniques to simply
evaluate the optimality of MoS2−3 with the goal of exploring
parameter space in an objective-driven manner as much as possible.
That is, given the prior results provided by MoS2−3, we wish to
utilize BO methods as a systematic way of validating its quality
given the limited experimental budget, in contrast to further ad hoc
search. We performed a Bayesian sequential design of experiments
using GP belief models and the decision-making policies outlined in
the above section. GP beliefs were fit to the initial seed data set of 6
synthesis conditions, and a decision-making policy would select an
experiment to run based on these beliefs. Once the experiment was
run, electrochemical performance was evaluated, the results of
which were used to update the GP beliefs. This process would be
repeated until the small experimental budget was expended. To
select a specific decision-making policy to use during this validation
campaign, we ran several simulations of the campaign. The use of
such statistical simulation to perform meta-decision-making re-
garding policy and modeling choices has been shown effective in the
past.42–44 We calculated OC curves for all four policies, which are
shown in Fig. 2a. From this simulation study, we observed that the
UCB policy had the best simulated performance.

Parameter space exploration.—To quantify the effectiveness of
the ML-guided closed-loop exploration campaign in exploring
synthesis parameter space, we calculated a data-spread metric.

Figure 1. (a) The polarization curves, (b) the Tafel slopes, and (c) the Nyquist plot of the first 6 batches of manually designed MoS2 samples.
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Specifically, for a set of data points X = {xi}, we calculate the mean
distance from the centroid
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Figures 2b–2d plots the distribution of this spread over simulated
experimental campaigns using the UCB, EI, and MV policies. In
addition, this statistic was calculated for the actual campaign data, s
data) = 0:34. We plot this value as a vertical red dashed line.
Examining the plots, we show that the spread for the actual data is
larger than a majority of the simulated spreads using both the EI and
UCB policies, indicating that the experimental campaign was able to
explore well within the limited set of experiments available to it. As
expected, the MV policy does explore more, as indicated by the
larger spread values. This, along with the simulation results in
Fig. 2a, indicates that balanced decision-making policies such as EI
and UCB consistently outperform more exploration-oriented policies

such as MV in finding optima within a small number of experiments.
More discussion can be found in Supporting Information.

The sequential study based on BO predictions was performed and
after 10 steps of the study, a final predicted condition was given. The
samples were synthesized correspondingly and the synthesis condi-
tions for each step can be found in Table SI. Surprisingly, we found
that the synthesis condition predicted by the BO algorithm for the
optimized MoS2 catalyst (labeled as MoS2-Opt) is very similar to
that of MoS2−3, which has been identified as a better HER catalyst
compared to the other samples synthesized by initial manually
selected conditions. As a result, the BO algorithm has determined
that a synthesis condition close to MoS2−3 can yield the promising
HER activity after the step-wise study.

The campaign shows the viability of such techniques in system-
atically verifying the performance of MoS2−3 in a limited experi-
mental setting. BO is one of the limited techniques that can operate
in this few-shot environment.45 This process can be accelerated to
some degree through the inclusion of informative priors for the GP
model, which can come from related systems46 or elicited directly
from domain experts.47 By augmenting the above procedure with
such methods, we can overcome the experimental limitations for a
more effective search.

Experimental validation.—To validate the BO algorithm pre-
dictions, HER activities of different MoS2 samples synthesized at
ML-predicted conditions (labeled as MoS2-Px, where Px indicates

Figure 2. (a) Simulation results based on the validation campaign. These plots show a measure of policy performance, OC, as a function of the number of
simulated experiments. Of the five policies evaluated, the UCB policy had the best simulated performance. (b)–(d) Mean distance from centroid distribution
under simulated campaigns using the (b) UCB, (c) EI, and (d) MV. The dashed red line indicates the actual distance (0.34) calculated from the physical
experimental campaign. We observe that the distance from centroid is larger than a majority of those obtained under simulated UCB and EI policies, while lower
than those obtained under the simulated MV policy, suggesting that the physical campaign robustly explored space to look for high performing synthesis
conditions.
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the predicated batch number) were investigated using electroche-
mical techniques and the related results were summarized in Table
SI. HER performance for selected representative samples (i.e.
MoS2-P3, MoS2-P9, and MoS2-Opt) is shown in Fig. 3. In Fig. 3a,
the MoS2-Opt exhibits a small η10 of 240 mV and a Tafel slope of
64 mV dec−1, which is very close to that of MoS2−3 (243 mV,
70 mV dec−1), demonstrating good reproducibility of these two
synthesis conditions. The overpotentials and Tafel slopes for
MoS2-P3 and MoS2-P9 were 219 mV, 88 mV dec−1, and 253 mV,
72 mV dec−1, respectively. Considering the HER performance is
evaluated in terms of both overpotentials and Tafel slopes, the
overall HER activity of MoS2-Opt outperformed the rest of the ML-
predicted samples. Although MoS2-P3 has a smaller η10, a larger
Tafel slope compared to MoS2-Opt makes it unfavorable as an
efficient HER electrocatalyst. Furthermore, MoS2-Opt displayed a
smaller Rct of 49 Ω compared to that of MoS2-P3 (60 Ω) and
MoS2-P9 (50 Ω) (see Fig. 3c, suggesting its fast charge transport at
the catalyst/electrolyte interface and therefore a good HER activity.
In addition, the polarization curves of the MoS2-Opt before and after
1000 CV cycles at a scan rate of 50 mV s−1 showed negligible
degradation as shown in Fig. 3d, demonstrating outstanding long-
term stability of the BO-predicted optimized MoS2 sample.

To gain insight into the origin of the better HER performance in
the BO-predicted MoS2-Opt, a series of characterizations were
carried out. The morphology of the as-synthesized MoS2-Opt was
investigated using SEM and TEM. As shown in Fig. 4a, the

MoS2-Opt exhibited a nanoflower-like structure with the tendency
to form aggregated bundles. The TEM image shown in Fig. 4b
confirmed the flower-shaped MoS2 morphology assembled by
wrinkled MoS2 nanoflakes. The HRTEM analysis shown in
Fig. 4c revealed that the MoS2-Opt showed polycrystalline structure
as evidenced by the clear ring patterns in the SAED pattern.
Furthermore, 2H phase MoS2 with trigonal prismatic coordination
was observed, as shown in Fig. 4d. The corresponding EDS
elemental mapping of Mo, S, and O in Figs. 4e–4h revealed a
uniform distribution of Mo and S, indicating the successful forma-
tion of MoS2. The emerging of oxygen signals in the EDS mapping
can be ascribed to the sample oxidation after preparation.

It is well known that the HER performance of 2H phase MoS2 is
inferior to that of 1 T MoS2 due to its semiconducting nature. The
relatively large electrical resistance in 2H MoS2 will hinder the
electron transport to catalyst/electrolyte interface and thus large Rct

values and slow Heyrovsky reaction can be expected. This even-
tually leads to relatively poor HER catalytic activity in all of our
aqueous-based samples. Nevertheless, the introduction of metallic
1 T MoS2 normally requires toxic organic reactants and complicated
process control,48–50 which re-emphasizes the importance of the
current work with the focus of achieving a high-performance, PGM-
free HER catalyst via a green synthesis process.

The chemical composition of the optimized sample was inves-
tigated using XPS, as shown in Fig. 5a. The complete survey
spectrum of MoS2-Opt showed the typical MoS2 bonding

Figure 3. (a) Polarization curves, (b) Tafel plots, and (c) Nyquist plots of the selected ML-predicted samples. (d) The polarization curves of MoS2-Opt before
and after 1000 cycles of CV scan.
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information with characteristic signals for Mo 3d and S 2p, which is
consistent with the previous reports.51,52 The O 1 s peak was also
observed due to the unavoidable oxidation of the sample. Two major
peaks located at ∼ 228.5 and 231.7 eV can be found in Mo 3d
spectrum in Fig. 5b which can be assigned to the Mo4+ 3d5/2 and
Mo4+ 3d 3/2, respectively, with an S 2 s peak at ∼ 225.6 eV. As for
the S 2p spectrum in Fig. 5c, doublet peaks are found at ∼ 161.3 and
162.4 eV corresponding to the S 2p3/2 and S 2p1/2 peaks, respec-
tively. The Mo 3d and S 2p peaks for all the samples correspond
well with the previous reports,51,52 proving the successful formation
of MoS2. In addition, the deconvoluted spectrum for S 2p showed
one set of doublet peaks, indicating the as-prepared MoS2 contained
only 2H phase, resonating well with our TEM observations.53,54 The
O 1 s spectrum shown in Fig. 5d showed two peaks at 531 and
532 eV resulting from the bonding of Mo-O and adsorbed water,
indicating the slight oxidation of the MoS2 sample. XPS spectrum
for MoS2-P3 and MoS2-P9 were shown in Figs. S1 and S2 and no
obvious differences were found compared to MoS2-Opt.

The crystal nature and interlayer spacing of different MoS2
samples synthesized at ML-predicted conditions were investigated
by XRD, as shown in Fig. 5e. The peaks at 14.6°, 32.3°, and 57.3°
can be ascribed to (002), (100), and (110) crystal planes of the 2H
phase, respectively, which are consistent with previous reports for
MoS2.

55 For MoS2-P9 and MoS2-Opt, a downshift of (002) peak
from ∼ 14° to ∼ 9° along with the emerging of a new peak at 18°
which corresponds to the (004) crystal plane was observed indicating
an enlarged interlayer spacing.56 The extracted interlayer distance
for MoS2-Opt, P9, and P3 are 0.94, 0.92, and 0.64 nm, respectively
(see Table SII). The highest interlayer spacing value in MoS2-Opt
will not only provide a large surface area but also benefit ion
diffusion for the HER process, which is the main reason for the
observed better HER activity as shown in Fig. 3. Besides that, the
average crystallite size was also extracted from the XRD (002) peaks
based on the Scherrer equation. As a result, the average crystallite
sizes of MoS2-P3, MoS2-P9, and MoS2-Opt were calculated to be
1.97 nm, 6.4 nm, and 6.94 nm, respectively, which is consistent with
the previously reported value.

57 Furthermore, typical E2g and A1g

vibration peaks were observed in the Raman spectrum for all

samples, as can be seen in Fig. 5f. The result indicated that the as-
synthesized aqueous-based MoS2 samples are solely 2H phase which
is in line with the TEM and XPS observations in Figs. 4d and 5c.
Brunauer–Emmett–Teller (BET) analysis in Fig. S3 showed that
MoS2-Opt exhibited a larger specific surface area of 23.9 m2 g−1

compared to the other ML-predicted samples (see Table SIII) which
can be attributed to the enlarged interlayer spacing as observed in
Fig. 5e. Furthermore, the pore size distribution was extracted by the
Barrett–Joyner–Halenda method (BJH), as can be seen in Fig. S3b.
All samples exhibit a sharp peak at ∼ 5 nm and a broad peak at a
range of 20 ∼ 40 nm, indicating a mesopore-enriched structure of as-
prepared MoS2. The large surface area associated with abundant
mesopores and large interlayer distance will facilitate the ion
diffusion toward the catalyst surface, leading to an enhanced HER
activity. The accessible surface area of as-synthesized samples was
evaluated by ECSA, as shown in Fig. S4. The Cdl and the
corresponding ECSA were summarized and listed in Table SIV.
The extracted ECSA of MoS2-Opt is 929.1 cm2, which is the largest
among all samples and resonates well with our observation in Fig.
S3. The Turnover frequency of MoS2-Opt was also extracted to be
0.042 H2/s at an overpotential of 100 mV, as can be seen in Fig. S5,
which is corresponding to the previously reported value for
MoS2.

20,58 Overall, the origin of the better HER performance
observed in the MoS2-Opt sample can be attributed to the increased
interlayer space which facilitated the charge transfer at the electrode/
electrolyte interface, and the enlarged surface area which increased
the number of potentially HER active sites.

Conclusion

In summary, we employed an aqueous-based hydrothermal
technique to synthesis MoS2 as an alternative catalyst of PGM for
hydrogen production. This method does not involve any toxic
reactants or gases which is environmentally friendly and cost-
effective. We used BO to validate and optimize the manually
obtained high-performing MoS2 sample. It is important to note
that an exhaustive exploration of the parameter space is not the goal
of BO. Instead, BO attempts to identify optimal parameters through
a combination of exploration and exploitation. Within a small set of

Figure 4. (a) SEM and TEM images for the MoS2-Opt sample. (c) HRTEM image and corresponding SEAD pattern. (d) HRTEM image of the enlarged area in
(c). The 2H phase atomic arrangement was marked in color. (e)-(h) EDS mapping of Mo, S, and O.
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9 validation experiments selected through the UCB policy, we
identified an optimized set of synthesis conditions (MoS2-Opt) that,
while resulting in better overall performance, are similar to those
conditions in MoS2−3. Note that this result does not imply that
MoS2−3 is globally optimal, which would require a larger set of
experiments to be performed. Instead, the use of BO was meant to
validate its optimality as much as possible within an extremely
limited experimental budget, pointing to the potential of boot-
strapping such ML methods to work, validate and improve manually
identified synthesis conditions. Moreover, the catalysis performance

of as-synthesized MoS2 is still inferior to the solvothermal synthe-
sized MoS2 due to the existence of pure 2H phase. To further
improve the HER performance, structure engineering strategies
including defect introduction, phase engineering, and composite
formation will be utilized in the future.
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