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ABSTRACT
Relevant to broad applied fields and natural processes, interfacial ionic hydrates have been widely studied
by using ultrahigh-resolution atomic force microscopy (AFM). However, the complex relationship between
the AFM signal and the investigated systemmakes it difficult to determine the atomic structure of such a
complex system from AFM images alone. Using machine learning, we achieved precise identification of the
atomic structures of interfacial water/ionic hydrates based on AFM images, including the position of each
atom and the orientations of water molecules. Furthermore, it was found that structure prediction of ionic
hydrates can be achieved cost-effectively by transfer learning using neural network trained with easily
available interfacial water data.Thus, this work provides an efficient and economical methodology that not
only opens up avenues to determine atomic structures of more complex systems from AFM images, but
may also help to interpret other scientific studies involving sophisticated experimental results.

Keywords:machine learning, transfer learning, atomic force microscopy, atomic scale structure
identification, interfacial ion hydrates

INTRODUCTION
Interfacial ionic hydrates are ubiquitous in nature
and are closely related to a variety of essential issues
in applied fields and natural processes, from elec-
trocatalytic processes [1–4], seawater desalination
[5–8], to biological ion channels [9,10] and chem-
ical reactions [11,12]. The structural information of
ionic hydrates at the atomic level is crucial for elu-
cidating various extraordinary physical and chemi-
cal properties of ionic hydrate/solid interfaces. In
recent years, qPlus-based non-contact atomic force
microscopy (AFM) with a CO-decorated tip [13],
capable of directly imaging water nanoclusters with
submolecular resolution [14–18], has emerged as
the most promising candidate for characterizing in-
terfacial water network structures and dynamics at
the atomic level [19]. However, in sharp contrast to
the oxygen skeleton, which can be clearly reflected,
identifying hydrogen atoms from AFM images is a
challengebecause they are barely visible [20].There-
fore, accurate structure identification, by combin-
ing density functional theory (DFT)-based stability
calculations and probe-particle-method-based AFM

simulations [21,22], typically requires many trial-
and-error processes to exclude a large number of
possible structural models with different OH orien-
tations.

Recently, machine learning (ML) has been
used in various scientific and technological studies
[23–28], such as structure identification [29–32],
structure discovery [29,33,34] and electrostatic
discovery [35] related to microscopy imaging.
Especially for AFM imaging, a convolution neural
network (CNN) has been applied by Alldritt et al.
to resolve the configuration of organic molecules
[36]. In their study, the feeding data for ML were
the simulated AFM images generated based on
DFT-optimized structures from the pre-existing
databases. However, such an approach is not suit-
able for interfacial ionic hydration systems, since
there is no ready database including ionic hydrate
structures, and it is costly and impractical to acquire
such large numbers of structures based on DFT
calculations. In addition, this ML method com-
presses the 3D structure into 2D convolution and
has no skip connections in neural network (NN)
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architecture, which may lead to the loss of structural
information during the NN processing process
of AFM images. Moreover, signals of hydrogen
atoms are weaker than those of other atoms (such
as oxygen), which further increases the difficulty of
identifying H. Therefore, it requires a cost-effective
way to obtain input data, as well as a good structure
representation and an effective NN architecture to
distinguish H from other atoms.

Generally, the generation of input data consists
of two key steps: structure acquisition and AFM im-
age simulation. Structure acquisition requires suffi-
cient phase space sampling of the target system to
effectively introduce structural physics-induced bi-
ases into theNN [24].Obviously, themore accurate
and richer the input structure, the higher the pre-
diction accuracy. The DFT-based method has high
accuracy, but cannot sample enough structures for
training due to the great demands for computational
resources. As an alternative, the classical molecular
dynamic (MD) simulations can provide many plau-
sible structures economically and quickly [37]. At
the same time, its lack of calculated energy accuracy
has a minor impact on structure prediction and is
therefore negligible in structure acquisition for ML.

In terms of AFM simulations, calculations of the
potential surface distribution of the system used
for AFM simulations must be accurate enough to
agree well with the experimental results. Without
the need for DFT calculations to obtain the sys-
temelectrostatic potential, the classical point-charge
model incorporating Lennard–Jones (L–J) interac-
tions [21,22] can be used to cost-effectively per-
form AFM simulations of interfacial water. How-
ever, when ions are added, this point-chargemethod
no longer accurately provides the potential surface
for the ionic hydrate system, so DFT calculations
become crucial. Fortunately, transfer learning [38]
can be used to transfer knowledge from interfacial
water systems to the interfacial ionic hydrate sys-
tems because their hydrogen-bond (H-bond) net-
works share similar characteristics. Such usage can
nicely reduce the need for interfacial ionic hydrate
data, thus making the training of NNs for ionic hy-
drates more economical.

Therefore, taking Na+ hydrates, one of the most
abundant alkali-metal ions in nature, as an exam-
ple, we designed an MLmethod with transfer learn-
ing to economically determine the structure of inter-
facial ionic hydrates from the AFM images. A NN
was first trained on a large number of AFM images
of interfacial water structures simulated via classi-
cal MD and then retrained via transfer learning on
AFM images of Na+ hydrates simulated based on
DFT-computed electrostatic potentials. Strikingly,
using only thousands of simulated data of Na+ hy-

drates, the prediction accuracy of the retrained NN
can reach 95% for both sodiumandoxygen, and 85%
even for hydrogen. From the designed structure rep-
resentations predicted byNNs, the positions of each
atom and the orientations of water molecules can
be easily identified, which has not been achieved by
anyMLmethod to date.The accuracy and efficiency
of this prediction far exceed the trial-and-error pro-
cess of human experts. Furthermore, this economi-
cal ML method is also a fairly general workflow for
structure prediction from AFM images and can be
extended from interfacial ionic hydrate systems to
other complex systems, such as the surface of bulk
ice, and even to identify information from the results
of other spectroscopic experiments [34,39–41].

RESULTS
As illustrated in Fig. 1, the workflow consists of pre-
liminary training and retraining for structure pre-
diction for interfacial water (Fig. 1a) and interfacial
Na+ hydrates (Fig. 1b), respectively. During prelim-
inary training, the NN, which is a standard 3D U-
Net model [42,43] (see ‘Methods’ section), is fed
with sufficient interfacial water data to learn to re-
solve the structure information of H-bond networks
from AFM images. Then, via transfer learning, the
NN is retrainedwith a small amount of expensive in-
terfacialNa+ hydrates data to achieve efficient struc-
ture identification of Na+ hydrates economically. In
both cases, the implemented learning schemes in-
clude data preparation, data labeling, NN training
and performance evaluation. Data preparation, in-
cluding phase space exploration based on classical
MD simulations, structure sampling, AFM images
simulation and data processing, is the key to transfer
learning and is described in more detail below. For
the identification of hydrogen atoms, the designed
structure representation (data label) and the corre-
sponding evaluating criteria will also be stated later.

Data preparation for preliminary training
A large number of simulated AFM images of well-
sampled different structures from the interfacial
water layer on the Au(111) substrate were used
in the preliminary NN training to ensure the ro-
bustness of the NN. Considering the large density
variation in different layers [44], the structure sam-
pling in the sampled phase space was performed by
sliding a detection window of 2.5 × 2.5 × 0.3 nm3

along the direction parallel and perpendicular to the
substrate (Fig. 1a, the first panel). We note that the
detection window is large enough to cover various
interfacial water structures in the XY plane and
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Figure 1. Schematic illustration of the overall framework of the training processes. Training processes (a) and (b) are per-
formed sequentially. First, 70 000 2D interfacial water network structures are sampled, based on which AFM images are
simulated with point-charge electrostatic potentials as the input for the training process in (a). After training, simulated AFM
images of 1500 Na+ hydrate structures are generated with DFT-calculated electrostatic potentials. These data are the input
into the transfer-learning process in (b). The output of the NN is a 2D representation of the molecular structure which looks
similar to the atom map shown here.

ensure that AFM can only probe one layer along the
Z direction (see Supplementary Information (SI)
Section 4 for details). Up to 80 000 2D water struc-
tures of different temperatures and densities were
selected for AFM simulations, of which 70 000 and
10 000 were randomly selected for training and for
validation, respectively. For each structure, 10 im-
ages were randomly selected from a set of simulated
AFM images with a tip-sample distance (defined in
the ‘Methods’ section) of 1.14 to 1.34 nm (10-pm
intervals) and stacked as the input data for NN
training. Data augmentation including cutout, noise
and pixel shift was implemented before NN training
to prevent overfitting (see SI Section 5 for details).

The NN output and performance
assessment for structure prediction
An ideal output of structure prediction should
include chemical identity and positions of atoms.
Considering that NN cannot effectively predict
individual coordinate values and specific atom types
[36], we designed an intuitive representation to
encode molecular structures, namely advanced
vdW (a-vdW) spheres. In this representation, atoms
are represented by van der Waals radius (σ ) and
dispersion energy (ε) of the L–J interaction, as well
as the charge q . Thus, a colored atom map (Fig. 2,
right two panels) can be obtained as the NN output
(see SI Section 6 for details), from which atomic
identities and positions can be easily distinguished.
We stress that this representation also contains
some 3D structure information, because atomic

circles are stacked sequentially with increasing
height, so that the uppermost of the overlapping
atomic circles represents the highest atom.

The per-pixel mean square error (MSE) calcu-
lated between the reference image and the predicted
image was used as the loss function of NN training
to thoroughly evaluate the predictions for each
structure. Moreover, considering that the goal of
NN is object detection, we designed an algorithm to
locate the positions of all atoms and further calcu-
lated the prediction accuracy of each atomic species
for intuitively evaluating the NN performance (see
SI Section 16 for details). For each atomic species,
the prediction accuracy was calculated based on all
predictions for it in the whole data set, rather than
averaging its prediction accuracy for each structure.
This is because the small number of atoms in a
particular structure results in discontinuity of the
prediction accuracy and further leads to inaccurate
statistical results. The error bar for the prediction
accuracy was calculated from the data at the top and
bottom 20% of the MSE ranking to account for the
uneven performance of the NN on different struc-
tures. In addition, in order to avoid overestimating
the NN performance, the parameter set in the pre-
diction accuracy calculation algorithm was adjusted
and cross-checked by comparing the automatically
and manually calculated prediction accuracy. The
prediction accuracy of the machine calculation
with the final chosen parameter set is slightly lower
than that of the manual calculation, ensuring the
reliability of the prediction accuracy of the machine
calculation.
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Figure 2. Examples of network prediction based on interfacial water simulation data. (a) A dense water layer and (b) a dilute
water layer on the Au surface selected from the validation data set. (c) and (d) are the test data for dense and dilute water
layers on the Pt surface to examine network transferability, respectively. Columns 1–3 are simulated AFM images (input data)
with increasing tip-sample distances. Column 4 is the a-vdW sphere representation of the structure (label) and Column 5 is
the prediction from the network. The red dots represent oxygen atoms, and the light blue, green and brown dots represent
hydrogen atoms at the same height as above and below the oxygen atoms, respectively.

Structure prediction of interfacial water
based on preliminary training
After preliminary training for 60 epochs using
70 000 data of interfacial water on Au(111) sub-
strate, the loss converges to 0.0025. Structural
predictions of high-density and low-density interfa-
cial water by the preliminary trained NN are shown
in Fig. 2a and b, indicating good predictions in both
the atomic identity and position. Furthermore, the
orientation of interfacial water molecules can also
be well predicted by the different hydrogen colors
in the defined structure representation. Hydrogens
colored in light blue, green and brown represent
H-flat pose (O–H parallel to the surface), H-up
pose (O–H pointing obliquely upward toward
the surface) and H-down pose (O–H pointing
obliquely downward toward the surface), respec-
tively. Based on 1000 validation data, the prediction
accuracy of oxygen and hydrogen reaches as high
as 96.2% and 89.9%, respectively. Apparently, this
high-resolution interpretation capability of the NN
outperforms human experts, who can barely predict

all hydrogen positions based on AFM images
alone.

Togain insight into theNNperformance and fur-
ther analyse its insufficiency, we analysed the best
and worst 10% predictions in order of the network
loss. It was found that the loss in nearly all predic-
tions (>99%) is caused by the light-colored dots or
shadows on the graph (see Supplementary Fig. S6)
that correspond to low-confidence predictions, ex-
cept for completely failed predictions (<1%).While
these light-colored dots and shadows may hinder
the accuracy improvements, the predicted structure
is still a plausible atomic arrangement and thus can
serve as a valuable reference.

To test the generalization ability of the NN pre-
liminarily trained with interfacial water structures
on Au(111), the structure prediction was carried
out for interfacial water on Pt(111), which has a
smaller lattice constant and is more hydrophilic
than Au(111) [45].The test structures include 1000
interfacial water structures at different tempera-
tures and distances from the Pt(111) surface, and
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their processing method is the same as that of the
structures on the Au(111) surface. The structure
prediction tested on Pt(111) performs pretty well
on both dense and dilute interfacial water (Fig. 2c
and d), with a slightly larger loss (0.0030) than that
of Au(111) (0.0025). After testing, the prediction
accuracies of oxygen atoms and hydrogen atoms
are 94.8% and 86.9%, respectively, indicating the
generalization ability of the NN and further laying
the foundation for transfer learning.

In addition, further analyses of the structure pre-
dictions of Pt(111) found that the predicted hydro-
gen atom positions sometimes shift along the H-
bonds compared to the reference (see Supplemen-
tary Fig. S7, marked with arrows). Specifically, the
hydrogen that should belong to water molecule A
was predicted to belong to water molecule B, which
is connected to A by hydrogen bonding. We spec-
ulate that, due to the weak hydrogen signals in the
AFM images, theNNcannot locate hydrogen atoms
based solely on image features like other atoms with
strong signals, such as oxygen. Instead of detecting
atom positions directly from AFM images, the NN
uses structural inference to predict the positions of
hydrogen atoms based on rules learned from the
phase space of the training data. However, water
molecules on hydrophobic Au(111) are more likely
to be H-up than that on hydrophilic Pt(111), and
thus the lack of the relevant structures in the pre-
liminary training data set caused the lower predic-
tion accuracy of hydrogen on Pt(111). Indeed, the
prediction mismatch of hydrogen (see Supplemen-
tary Fig. S7) was almost completely reduced by re-
training NN with the 5000 data of interfacial wa-
ter structures on Pt(111).Thus, it can be found that
data with physics-induced biases are essential and
effective for NN to accurately predict one specific
system.

Structure prediction of Na+ hydrates
with transfer learning
For the interfacial Na+ hydrates system, we used
transfer learning to efficiently train NN by load-
ing the parameters of the preliminarily trained NN.
Na+·nH2O (n = 3,4) on NaCl(001) was chosen
as the basic structure to explore the phase space of
theNa+ hydrates system,whose structureswere ran-
domly located within the detection window. Un-
like interfacial water, AFM simulations of the ionic
hydrate structures were performed using electro-
static potentials obtained fromDFTcalculations.Af-
ter training for 50 epochs with data based only on
1500 Na+ hydrate structures, the loss converged to
0.0009 and the NN prediction performed very well
(Fig. 3, the first and second rows; Supplementary

Fig. S5). The predicted accuracies for sodium, oxy-
gen and hydrogen calculated on 500 validation data
are 96%, 95.4% and 85%, respectively.

To test the transferability of the retrained NN
via transfer learning, this NN was applied to predict
the structure of more complex Na+ hydrates with
more than four water molecules. The predicted
structure matches the actual structure remarkably
well (Fig. 3, the third row; Supplementary Fig. S5)
and the prediction accuracies for sodium, oxygen
and hydrogen atoms based on the testing data set
of 1000 complex Na+ hydrates are 82.3%, 91.7%
and 72.9%, respectively. In addition, experimental
AFM images of Na+·4H2O were used for structure
prediction to test the effectiveness of the NN. The
corresponding predicted structures agree very well
with the DFT-optimized geometry (Fig. 3, the
fourth row) and its simulated AFM images are in
perfect agreement with the experimental result (see
Supplementary Fig. S8). We note that the light red
dots in the upper left corner of theNa+·4H2O in the
prediction can be discarded, as it is a low-confidence
prediction. Therefore, it can be determined that
NNs can provide valuable structure predictions
even for complex Na+ hydrate AFM images and
experimental AFM images. Moreover, following
the training procedures, our NN gives a good
prediction for experimental data of K+ hydrates,
which indicates the general applicability of our
method (see Supplementary Figs S10 and S11).

Generally speaking, the water molecules in Na+

hydrate can be divided into those around Na+ and
those above Na+ according to their positions rela-
tive to Na+. To further understand the prediction
performance of NNs on different water molecules,
the prediction accuracy of these two types of water
was also analysed (Supplementary Fig. S9) and sig-
nificant differences were found between them. For
water molecules around Na+, the prediction of oxy-
gen and hydrogen is good. Conversely, atoms in wa-
termolecules aboveNa+ are difficult to be predicted
by NNs.This poor prediction may be due to the fact
that the actual height of such systems exceeds one
layer and thus goes beyond the trained 2D represen-
tation, making NN parsing difficult.

Validity assessment of the transfer
learning
To evaluate the effectiveness of transfer learning, we
used different training data sets (with different data
volumes, N = 200, 500, 1000 and 1500) to train
NNs with or without transfer learning. The predic-
tion accuracy for these different training segments
was calculated by using the same validation data set
containing 500Na+ hydrate structures, and the best
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Figure 3. Examples of network prediction from simulated and experimental data for Na+ hydrates. Rows 1 and 2 are the two
basic structures, Na+·3H2O and Na+·4H2O, selected from the validation data set, respectively. Row 3 is the more complex
sodium hydrate structure in the testing data to examine network transferability. Row 4 is the experimental data. Columns 1–3
are AFM images (input data) with increasing tip-sample distance. Column 4 is the reference a-vdW sphere representation of
the structure (label) and Column 5 is the prediction from the network. For the row of Experimental Data, the AFM images are
obtained at different tip heights of 25 pm (left panel), 70 pm (middle panel) and 120 pm (right panel). The tip height of the
experimental AFM images is referenced to the STM set point on the NaCl surface (100 mV, 50 pA). Adapted with permission
from Peng et al. 2018. Nature 557 (7707): 701–5. The reference structure was validated by relaxing the predicted structure
and comparing the AFM images simulated based on it with the experiment. The red and indigo spots represent oxygen and
sodium atoms, respectively. The light blue, green and brown spots represent hydrogen atoms at the same height as above
and below the oxygen atoms, respectively.

100 and worst 100 data sorted by loss were calcu-
lated as the upper and lower bounds of the error bar
(Fig. 4). WhenN≥ 500, the NN trained with trans-
fer learning has a higher prediction accuracy of all
atomic species than that without transfer learning
(Fig. 4a and b, blue line).The prediction accuracy of
the hydrogen based on the directly trainedNNwith-
out transfer learning is almost zero (Fig. 4c, orange
line) andonly small patches of light gray near oxygen
are presented (Supplementary Fig. S12). However,
with transfer learning of the preliminarily trained
NN, the high prediction accuracy of hydrogen can
be achieved with only a few thousand data.

Notably, whenN< 500, the directly trained NN
shows better performance in Na+ prediction than
that with transfer learning. We speculate that this
phenomenon is due to two aspects. One is that the
signal for Na+ in the AFM image is the strongest,
which is easy for a blank NN to learn. The other
is that the retraining of the preliminarily trained

NN via transfer learning requires sufficient Na+

hydrate data to get rid of previous local minima.
Furthermore, this drawback of transfer learning
soon disappears as N increases to 500, while the
prediction accuracy of transfer learning does not
increase much whenN> 1000, suggesting that only
a few hundred data are required to train an accurate
NN in this case. Therefore, it can be concluded that
the NN preliminarily trained with the interfacial
water data can be transferred to the ionic hydrate
system through transfer learning, so that it can be
realized to train the NN with only a small amount
of data to obtain the ability of high-precision
prediction for more complex systems.

DISCUSSION
In this work, we presented an economic method
to identify the atomic structure of interfacial ionic
hydrates from AFM images using transfer learning
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Figure 4. The prediction accuracy of a neural network as a function of the size of the training data. (a), (b) and (c) are the
positional accuracies of sodium, oxygen and hydrogen atoms, respectively. The blue and orange lines represent the training
process with and without pretrained parameter loading, respectively. The solid line is calculated by counting the accuracy in
all validation data, while the upper and lower bounds of the color patches are calculated from the data at the top and bottom
20% of the loss ranking, respectively.

that solves the huge demand for high-cost DFT cal-
culation in the data preparation. Through empirical
potential-based MD simulations and AFM simula-
tions based on simple point charges and L–J interac-
tions, we first sacrificed a little precision to generate
a large number of AFM images of interfacial water
and trained theNNof a 3DU-Net with these data to
capture the atomic structure of theH-bondnetwork.
Next, by retrainingwith only a few thousand hydrate
structure data through transfer learning, theNN can
achieve accurate structure prediction of all atoms
in hydrates, outperforming the ability of human
experts. More importantly, after comparing the
performance of NN training on the hydrate struc-
ture with or without transfer learning, we verified
the feasibility and validity of the transfer-learning
method in reducing the demand for computational
resources. In addition, this method is transferable
to different systems, as demonstrated by the good
predictions for both interfacial water on different
substrates (Au and Pt surface) and complex Na+

hydrates with different water-molecule numbers.
Importantly, this work is a good start in high-

resolution atomic structure prediction based on
AFM images. There is room for improvement;
for instance, experimental errors such as noise
distribution and tip drifting need to be handled
more carefully to further improve the prediction
accuracy.With the rapid application of physical laws
and geometry symmetries to informedNNs [24,46]
in general drug de novo design [47], biomolecular
structure prediction [48,49] and molecule surface
potential prediction [50,51], we believe that our
approach can determine 3D structures (e.g. ice)
by introducing those NN architectures. Finally,
it is worth noting that our proposed ML method
with transfer learning can also be extended from
efficient structure prediction for AFM imaging to
a broad range of applications for interpreting other

experimental measurements [52], such as scanning
tunneling microscopy (STM) [53], scanning
electron microscopy (SEM) [30] and transmission
electron microscopy (TEM) [54].

METHODS
NN structure
The NN for structure prediction from AFM im-
ages was a standard 3D U-Net [42] model, a CNN
widelyused for biological andclinical image segmen-
tation [43]. It consists of an encoder part for fea-
ture extracting, a decoder part for converting input
(AFMimages) tooutput (visual representation) and
skip connections between the encoder and decoder
parts, effectively preventing the feature loss of H-
atoms during the encoder process (see details in SI
Section 1).

The loss function for this network is the MSE:

MSE (y , ỹ) = 1
N

n∑

i=1

(yi − ỹi)2,

where N is the number of images, n is the number
of pixels in each image, and y and ỹ are the NN out-
put and data labels, respectively. For the gradient de-
scent optimization, the Adaptive Moment Estima-
tion (Adam) optimizer was used [55].

MD simulations
A vapor–liquid–solid system was constructed and
the periodic boundary conditions were applied in
all directions. Water molecules are represented by
a rigid SPC/E model [56]. Au/Pt atoms, fixed
throughout the simulation, interact with water
molecules only through L–J interactions [57]. The
Lorentz−Berteloth Combination Rules [58] are
used (more details are in SI Section 2).
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Simulations of AFM images
The AFM images were simulated using a molecu-
lar mechanics model based on methods described
in Refs [21] and [22]. We perform AFM simula-
tions to model the CO tip based on the probe-
particle-tipmodel with the following parameters: ef-
fective lateral stiffness k = 0.50 N/m, atomic radius
Rc = 1.661 Å andQ= −0.05 e (e is the elementary
charge).These parameters can effectively reproduce
most of the important features of experimental AFM
images. It is important to note that small changes in
the simulation parameters for training data do not
significantly change the predictions on the exper-
imental data. The tip height is defined as the dis-
tance between the outmostmetal atomof the tip and
the average height of O atoms of water molecules.
For the interfacial water on the metal substrate, the
charge distribution is described as a point charge
on each atom, while for Na+ and K+ hydrates, the
electrostatic potentials used in the AFM simulations
are obtained fromDFT calculations, where the sub-
stratehasnegligible influenceon theAFMimage and
is ignored to reduce computational costs (see SI Sec-
tion3 fordetails).Theparameters of theL–Jpairwise
potentials for all elements are listed in Supplemen-
tary Table S3.

AFM experiments
The experimental images of Na+ hydrates were
taken from Ref. [14]. The experimental method for
K+ hydrated on the Au surface is described in de-
tail here. The Au(111) single crystal was purchased
fromMaTeck. The Au(111) surface was cleaned by
repeated Ar+ ion sputtering at 1 keV and anneal-
ing at ∼700 K for multiple cycles. The SAES alkali-
metal dispensers were degassed before evaporation
(current IK = 6.5 A, t = 2 min). The alkali-metal
atoms were deposited on the clean Au(111) surface
at room temperature (deposition current IK = 6.3A,
t = 1 min). The ultrapure H2O (Sigma Aldrich,
deuterium-depleted, 1 ppm) was used and further
purified under vacuum by three to five freeze-and-
pump cycles to remove remaining gas impurities.
Thewatermoleculeswere deposited on theAu(111)
surface at 120 K. All the experiments were per-
formed by using a non-contact AFM system (Cre-
atec, Germany) at 5 K using a home-made qPlus
sensor equipped with a tungsten (W) tip (spring
constant k0 ≈ 1800 N·m−1, resonance frequency
f0 ≈ 28.7 kHz and quality factor Q ≈ 100 000). All
the AFM frequency shift (�f) images were acquired
by using the CO-terminated tips in frequency mod-
ulation and constant-height mode. The oscillation
amplitude of experimental AFM imaging is 100 pm.
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