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Electrochemical potential-driven water
dynamics control CO2 electroreduction at
the Ag/H2O interface

Xiongwei Tian1,2, Axel Tosello Gardini 2,3, Umberto Raucci 2, Hai Xiao 4 ,
Yuqun Zhuo1,5 & Michele Parrinello 2

A molecular-level understanding of the catalyst-electrolyte interface under
realistic operating conditions remains a central challenge in electrocatalysis. In
particular, the role of the electrochemical potential in modulating interfacial
solvation, and its consequences for CO2 electroreduction, has yet to be fully
elucidated. Here, using machine learning-accelerated molecular dynamics
simulations, an explicit solvent model within the grand canonical DFT frame-
work, and enhanced sampling techniques, we systematically investigate the
impact of the working potentials on CO2 reduction process at the Ag(111)/H2O
interface. Our results reveal that the applied potential significantly reshapes
the orientation of interfacial water and modulate the strength of hydrogen-
bond network. This collective solvent response to the electric potential plays
an important role in stabilizing reactive intermediates, regulating reaction
kinetics, and facilitating key steps such as proton transfer and hydroxide dif-
fusion. These findings underscore the critical role of solvent dynamics in CO2

reduction, highlighting the importance of simulating electrochemical reac-
tions under realistic operating conditions. Rather than acting as a passive
background medium, the solvent emerges as a dynamic, potential-sensitive
participant that plays an active role in the catalytic process.

The electrochemical reduction of CO2 has emerged as a critical tech-
nology in a clean energy economy, holding the promise of mitigating
carbon emission and producing value-added feedstock such as carbon
monoxide, formic acid, and hydrocarbons1–5. The reduction of CO2

typically occurs at the catalyst-electrolyte interface, where the inter-
play of the applied potential, ionic composition, pH, and solvent
controls the catalytic process6,7. Among the various factors, it is
assumed that the electric potential plays a pivotal role in CO2

reduction8,9. As illustrated in Fig. 1, in a typical CO2 reduction system,
an external constant potential is applied to the cathode, causing
negative charge accumulation on the surface of the catalyst7. The
electric field formed at the catalyst-electrolyte interface alters the

spatial distribution of ions and solvent molecules near the surface and
directly influences the reaction mechanism10,11.

Traditionally, theoretical models have treated the applied
potential primarily through its direct electrostatic effects, such as
stabilizing charged intermediates or modulating adsorption
energies12–14. However, in this framework, the water solvent is gen-
erally treated as a passive background medium, overlooking its role
within the electrochemical interface10. In fact, the applied potential
alters the orientation, hydrogen bonding, and dynamics of interfacial
water and, thus, has a direct impact on reactivity15–19. Despite sub-
stantial progress in understanding electrochemical mechanisms, a
complete atomistic picture of the electrochemical interface under
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working conditions remains elusive and represents a significant
computational challenge.

Capturing the subtle interplay between applied potential and
interfacial water dynamics requires simulations that combine electro-
nic accuracy with extended sampling under constant-potential
conditions9. Ab initio molecular dynamics (AIMD) simulations have
provided important insights into interfacial chemistry, but the simu-
lated timescales are limited by their high computational costs and the
difficulty of controlling the electrode potential. To mimic the effect of
an applied potential during the reaction, one common approach
involves introducing alkali metal cations near the interface16,18,20.
However, the resulting electric bias tends to fluctuate as the reaction
progresses, deviating from the conditions of a truly constant-potential
experiment. Alternatively, constant-potential conditions can be mod-
eled by combining grand-canonical ensemble DFT (GCE-DFT) with
implicit solvent models, allowing the total number of electrons to
change in response to the target potential21,22. This approach avoids the
need for explicit solvent molecules and maintains computational
efficiency, but it still lacks the ability to capture specific solvent-solute
interactions and interfacial solvent dynamics8,12. More recently, hybrid
explicit-implicit solvent models have been developed within the fra-
mework of GCE-DFT to better capture interfacial solvent structure
while maintaining constant-potential conditions23,24. However, updat-
ing the electron count at each self-consistent field step makes these
simulations even more computationally demanding than standard
AIMD25. As a result, the high cost of explicit ab initio methods con-
tinues to limit simulation timescale and system sizes, hindering an
accurate modeling of the coupled influence of the electric potential
and solvent dynamics on CO2 electroreduction

7,9.
To address these limitations, machine learning interatomic

potentials (MLIPs) have recently emerged as a powerful tool for
modeling reactive systems with near DFT accuracy and significantly
extended the scope of these simulation26–28. When combined with
enhanced sampling techniques29, MLIP-driven simulations allow for
the systematic exploration of complex reaction pathways30–33, solvent-
mediated dynamics34, and rare events that are otherwise inaccessible
to conventional methods35,36.

In the context of electrochemical systems, these methodologies
have been successfully applied to characterize interfacial water and to
investigate the kinetics of key reactions such as oxygen reduction37,
hydrogen evolution38–40, and formic acid decomposition41. However,
most existing studies remain limited to zero-charge conditions, which
do not reflect the constant-potential environments that govern real
electrocatalytic processes.

In this work, we combined state-of-the-art machine learning-
accelerated molecular dynamics simulations, explicit solvent model
within the GCE-DFT framework to perform constant-potential

simulations, and enhanced sampling methods to investigate the CO2

electroreductionmechanismon the Ag(111) surface.We chose silver as
the model catalyst due to its well-established selectivity and industrial
prospect for the CO2-to-CO conversion42. Silver exhibits a high CO
Faraday efficiency that exceeds 90% and supports current densities
above 200mA/cm2, making it a benchmark system for both funda-
mental studies and practical applications2,3. We considered two elec-
trochemical potentials: the potential of zero charge (PZC) and a
constant potential (CP) corresponding to experimentally relevant
working conditions. By constructing two MLIPs, each trained to
reproduceDFT-level energies and forces under PZCandCPconditions,
we unraveled the full complexity of the CO2 reduction process under
operando electrochemical conditions. Our simulations reveal that the
applied potential affects reaction barriers not simply through elec-
tronic effects, but through the dynamic reorganization of the solvent
environment, which governs the accessibility and stability of reactive
intermediates and transition states. This coupling especially influences
the hydrogenation step and the corresponding ion-pair dissociation
process, whose barriers and kinetics are particularly influenced by the
solvent response to the electric bias.

Results
As anticipated in the Introduction, we compare the results under two
distinct electrochemical potential conditions: the potential of zero
charge (PZC) and a constant potential (CP) of −1.5 V vs. SHE. The latter
closely approximates the experimental onset potential for CO2

reduction on Ag43,44, while PZC represents a key reference state where
no excess charge is present on the surface45. This comparison provides
insight into how the solvent environment and reaction kinetics
respond to the applied potentials. To capture the differences between
these conditions, we trained two separate sets of MLIPs to model the
Ag(111)/H2O interface and the CO2-to-CO reaction pathway under PZC
and CP, respectively. A detailed description of the MLIP training
workflow is provided in the “Methods” section and illustrated in Sup-
plementary Fig. 1.

Ag(111)/H2O interface response to the applied potential
We first explore the response of the interfacial water structure and
dynamics to the applied working potential. As shown in Fig. 2a and b,
the applied potential has a significant impact on the structure of the
interfacial water. At PZC condition, the O density profile (Fig. 2a,
upper) exhibits two distinct peaks at 2.7Å and 3.2Å from the Ag sur-
face, corresponding to two close adsorption layers of water oxygen
atoms. The distribution of water dipole orientation reveals a peak at
~55 ° in Fig. 2b, and the angle distribution between one O–H bond
of water and surface normal (z-direction) shows a peak at ~80° (Sup-
plementary Fig. 3), indicating that the interfacial water molecules
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Fig. 1 | Representation of the electrochemical interface for CO2 reduction. a Scheme of the cathode side of an H-type cell for CO2 reduction. b Scheme of the
microscopic electrified catalyst-electrolyte interface for CO2 reduction.
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slightly tilt toward the electrolyte, with one O–H bond nearly parallel
to the Ag surface at PZC condition.

However,when a negative potential is applied to the interface, the
peak in the O density profile at 2.7Å disappears, while two peaks could
be observed in the H-density profile close to the Ag surface (Fig. 2a,
down). The dipole orientation of water has a peak at ~135°, and the
distribution of the angle between one O–H bond of water and the
surface normal shows twopeaks at around 100° and 155°. These results
suggest that the interfacial water molecules rotate to a “H-down”
structure due to the electrostatic attraction between the negatively
charged Ag substrate (Supplementary Fig. 4) and the positively
charged H atoms of water molecules (see Fig. 2c, and the Supple-
mentary Video 3). Additional features appear in the density profile at
approximately 6Å and 9Å. These peaks indicate the presence of par-
tially ordered water layers. Beyond this region, the density gradually
approaches 1 g/cm3 under both potential conditions, consistent with
the bulk-like water behavior. The two-dimensional distribution of
water dipole along the z-direction (Supplementary Fig. 5) confirms that
the influence of electric potential on water is confined to the interface
and gradually diminishes as one moves away from it.

In addition to the static structural properties of water near the
interface, it is essential to investigate its dynamic behavior under the two
electrochemical conditions. Following the water density profile along z,
we identify three different regions: interfacial (0–5Å), intermediate
(5–10Å), and bulk (10–15Å). The averaged number of hydrogen-bond
donors of water molecules (Ndonor) in these regions is shown as a violin

plot in Fig. 2d. The mean value of Ndonor within the interfacial region
decreases from 1.62 to 1.38 as the potential shifts from PZC to CP con-
ditions. This is consistentwith the “H-down” structure of interfacial water
atCPconditions,where someHatomsorient towardand interactdirectly
with the Ag surface, rather than participating in hydrogen bonding with
neighboring water molecules. The distribution of the Ndonor is nearly
identical across the intermediate and bulk water regions. Moreover, we
observed a slight enhancement in themobility of interfacial water under
CP conditions, as evidenced by a broader distribution of displacement
vectors (Supplementary Fig. 6). Further analysis indicates that the
hydrogen-bond lifetime of interfacial water at CP conditions is 21.2%
shorter than at PZC (Supplementary Fig. 7). Additionally, both the libra-
tion and H–O–H bending modes exhibit a noticeable red shift (Supple-
mentary Fig. 8), indicating a weaker hydrogen-bond environment near
the electrified Ag surface16,46,47.

The distinct properties of interfacial water at negative potential
are consistent with previous studies on Pt/H2O and Au/H2O interfaces,
investigated via in situ Raman spectroscopy and AIMD
simulations15,16,48. These findings validate the reliability of our MLIPs in
modeling the behavior of the Ag(111)/H2O interface under varying
potential conditions and provide a solid foundation for further
exploration of CO2 reduction reactions at the Ag(111)/H2O interface.

CO2 adsorption process
TheCO2 reduction toCO iswidely recognized to proceed through four
elementary steps49,50: (1) CO2 adsorption, (2) *CO2 hydrogenation

(a) (b)

(d)(c)

PZC

CP

φ

Fig. 2 | Characterizations of Ag(111)/H2O interface at PZC and CP conditions.
aOxygen (upper) and hydrogen (lower) density profiles of water along the surface
normal (z-direction), where the zero corresponds to the location of the Ag surface.
b Probability distribution of the angle φ between the bisector of the water H–O–H
angle and the z-direction computed for the interfacial water molecules (φ is shown
in the inset). The interfacialwater is taken asbeingwithin5Å from theAgsurface, as
suggested in the density profiles in (a). c Representative snapshots of Ag(111)/H2O
interface at PZC and CP conditions. The Ag, O, and H atoms are colored in light

gray, red, and white, respectively, while the watermolecules outside the interfacial
region are displayed in transparent stick style for clear illustration. d Violin plot
showing the distribution of the averaged hydrogen-bond donor number of water in
the interfacial region (0–5Å), intermediate region (5–10Å), and bulk region
(10–15Å). The blue horizontal lines represent the mean value of Ndonor. All results
were obtained from unbiased trajectories of a 6 × 6 Ag(111) slab with 180 water
molecules (Supplementary Fig. 2a and Supplementary Table 1), for a total simula-
tion time of 2.5 ns.
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leading to the formation of *COOH, (3) splitting of this intermediate,
followed by (4) the final *CO desorption (Supplementary Table 2).
Here, we adopt a step-by-step strategy to systematically investigate
how the potential-driven changes in interfacial water structure and
dynamics regulate the above steps of CO2R.

We first analyzed the CO2 absorption process, and converged the
free energy surface as a function of the z-distance (d) of CO2 from the
surface and the O=C=O bond angle (Fig. 3a), using the on-the-fly
probability enhanced sampling (OPES) method29 (See “Methods”
and Supplementary Table 3). Two metastable states were identified,
both in the absence and in the presence of the applied potential: a
solvated CO2 state in which the solute is to be found at the interfacial
region (CO2(aq)) and one in which it is chemisorbed (*CO2). The shape
of the FES is very similar in the two scenarios. The CO2molecule, which
is linear in the solvated phase, bends to an angle of approximately
115–130° upon adsorption. The equilibrium distance between the *CO2

center of mass and the surface is approximately 2.1Å.
The FESs projected along the distance d from the surface are

shown in Fig. 3b. The adsorption energy is 0.13 eV and 0.08 eV at PZC
and CP conditions, respectively. The enhanced stability of *CO2 can be
attributed to the increased surface charge density at CP (Supplemen-
tary Fig. 4), which facilitates charge transfer from the surface to the
adsorbed CO2, as confirmed by the Bader charge analysis in Supple-
mentary Fig. 950. The effect of the electric bias is to decrease thebarrier
for adsorption from 0.20 eV at PZC to 0.16 eV at CP and shift slightly
the transition state (TS) position from d = 2.45Å to d = 2.6Å. This TS
stabilization is likely due to its increased solvation at CP compared to
the PZC condition, since in theCP state, the free hydrogen atoms in the

first H-density peak (~2.7Å) could effectively form a hydrogen bond
with CO2. In contrast, under PZC conditions, the water structure is
more rigid, thereby hindering interfacial water reorientation and CO2

solvation. This is reflected in the histogram shown in Fig. 3c, where we
observe a decrease in the percentage of configurations with zero
hydrogen bonds and an increase in those where CO2 is solvated by
three or more water molecules under CP conditions (Supplemen-
tary Fig. 10).

Furthermore, to investigate the influence of the electrochemical
potential on the dynamics of *CO2, we performed 1 ns unbiased
molecular dynamics simulations under both PZC and CP conditions.
The *CO2 adopts a bidentate structure and adsorbs near the top-site of
the Ag surface. One C–O bond aligns parallel to the surface and
coordinates with two sites, while the other C–O bond tilts toward the
electrolyte (Supplementary Fig. 11). The *CO2 can rotate, alternatively
aligning its C–Obondswith the surface, and this behavior occursmore
frequently under CP conditions (Supplementary Fig. 12 and Supple-
mentary Video 2). Furthermore, the *CO2 molecule exhibits large dif-
fusion at CP, exploring a wide range of adsorption sites, whereas it
remains largely confined to a few sites under PZC conditions (Sup-
plementary Fig. 13). Interestingly, this dynamic behavior does not
significantly affect the C–O bond length, which shows minimal varia-
tion upon coordination with the Ag surface, fluctuating around 1.26Å
(Supplementary Fig. 14).

Our results differ significantly from those reported in previous
studies based on implicit solvent models13,51. The most remarkable
difference is that, in the implicit solvent framework, CO2 does not
chemisorb on the surface under PZC conditions, as indicated by a

Fig. 3 | Potential-dependent energetics and solvation structure in CO2

adsorption process. a Two-dimensional FES as a function of the vertical distance
of CO2 from the surface (d) and O=C=O angle of CO2 at PZC (left) and CP (right)
conditions. The minimum free energy pathway from CO2(aq) to

*CO2 is depicted
with a white dashed line, and it is computed using the MEPSA (Minimum Energy
Path Surface Analysis) package79. b One-dimensional projection of the FES along

the vertical distance of CO2 from the surface, the statistical errors are calculated
using the weighted-block average techniques as discussed in ref. 77 and displayed
with shaded colors in the plot. In the inset, the Ag slab is shown in light gray, C in
dark gray, O in red, and H in white. c Histogram showing the distribution of the
number of hydrogen bonds formed with CO2 during the intermediate stage of the
CO2 adsorption process (2.25Å < d < 2.75Å).
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positive adsorption free energy.Moreover, the influenceof the applied
potential on the free energy profile is much more pronounced in the
implicit solvent case, with marked shifts observed as the potential is
varied from PZC to negative potentials. We further investigated this
effect by training MLIPmodels at different applied potentials using an
implicit solvent environment, as detailed in Supplementary
Notes 1 and 2 and Supplementary Figs. 15 and 16, recovering the lit-
erature results.

Our findings suggest that the inclusion of explicit solvent in our
simulations plays a key role in moderating the effect of the applied
potential. The explicit solvent environment appears to partially screen
the electric field at the interface, thereby reducing the potential-
induced shifts in the free energy during CO2 adsorption. This com-
parison underscores the crucial role of solvent representation in
electrochemical modeling and highlights the necessity of incorporat-
ing explicit solvent to accurately capture interfacial molecular inter-
actions and reaction mechanisms.

*CO2 hydrogenation step
The adsorption of CO2 involves an electron transfer from the metal
surface to the molecule, leading to a slightly negative intermediate.
Bond analysis of *CO2 in Supplementary Fig. 14 indicates that this
intermediate is not sufficiently activated for C–O bond cleavage,
necessitating its hydrogenation as a critical step toward CO formation.
To investigate the hydrogenation of *CO2, we designed two collective
variables (CVs): the first CV is the coordination number between the
oxygen atoms of CO2 and the hydrogen atoms of all water molecules
[C.N. (Ocd,Hw)], which is able to describe the proton transfer fromH2O
to *CO2. The second CV is the ion-pair distance (dions) between *COOH
and OH−, which accounts for the formation of the stable intermediate.

The resulting free energy profile projected along the ion-pair distance
is shown in Fig. 4a, while representative snapshots are shown in Fig. 4b
and Supplementary Video 3. The reaction proceeds via three different
stages, as reflected in the FES profile. The first one involves the proton
transfer from one water molecule to *CO2, leading to the formation of
*COOH andOH− ion pair (first proton transfer, 1st PT). However, this ion
pair is initially tightly bound, exhibiting a strong tendency to recom-
bine and return to the reactant state. To stabilize the protonated
product, the *COOH–OH pairmust dissociate. This occurs through the
diffusion of OH− away from *COOH (stage 2, 2nd PT), facilitated by the
Grotthuss mechanism, consistent with previous reports50,52. Once the
distance between *COOH and OH− exceeds 3.2Å, the free energy pro-
file reaches a plateau (stage 3).

An interesting feature emerges in the stage 3 region of the free
energy profile, where the free energy remains nearly constant with
increasing ion-pair distance under PZC conditions, but gradually
decreases beyond ~5Å under CP condition. This subtle difference is
also reflected in the two-dimensional FES (Supplementary Fig. 17). To
explore the origin of this behavior, we analyzed thedistribution of CV
values during the OPES simulations. At PZC, the z-distance distribu-
tion between OH− and surface reveals that the hydroxide ion remains
confined near the surface, whereas under CP condition, it can diffuse
more freely into the bulk (Supplementary Fig. 18). To further analyze
the effect of the negative potential on OH− dynamics, we carried out
10 independent unbiasedmolecular dynamics simulations under PZC
and CP conditions, respectively. Each trajectory was initialized with a
single OH− ion positioned above the surface and run for 1 ns. The
statistical distribution of the z-distance between OH− and the surface
is shown in Fig. 4c. At PZC, the OH− ion remains tightly bound to the
electrode, diffusing primarily within the interfacial region. In

dions = 2.32 Å dions = 2.55 Å dions = 4.64 Ådions = 0 Å

Stage 1

Stage 2

Stage 3

(a) (c)

Initial state CO2 protonation Dissociation of ion pair OH- diffusion(b)

1st PT 2nd PT

dions

θ

OH-

OH-

Fig. 4 | Influenceofpotential on *CO2hydrogenationprocess. aOne-dimensional
projection of the FES along the distance of ions (*COOH and OH−), with three
distinct stages identified: CO2 protonation (Stage 1), dissociation of the ion-pair of
*COOH and OH− (Stage 2), and OH− diffusion (Stage 3). The endpoint of stage 2 is
used as the reference point to align the free energy curves to allow a direct com-
parison of the free energy of OH− diffusion under two potential conditions. In the
inset, the Ag slab is shown in light gray, C in dark gray, O in red, and H in white.
b Representative snapshots illustrating three stages of *CO2 hydrogenation pro-
cess, captured from the biased trajectory at CP condition. The colors in the

snapshots represent Ag in light gray, C in dark gray, O in red, and H in white. Only
the watermolecules involved in the reaction are shown in ball-and-stick style, while
others are displayed in transparent stick style for clear illustration. The green
transparent ball illustrates the location of hydroxyl or OH−. c Probability distribu-
tion of the vertical distance between OH− and the surface from 10 independent
unbiased trajectories of OH− diffusion. The inset shows the probability distribution
of OH− orientation when the ion stays within the interfacial region (with a vertical
distance less than 5Å).
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contrast, under the CP condition, it rapidly desorbs from the surface
and diffuses into the bulk region (Supplementary Fig. 19 and corre-
sponding Supplementary Video 4). This analysis highlights the strong
influence of electrochemical conditions on OH− dynamics. Under
negative potentials, lower than PZC, the OH− ion is electrostatically
repelled from the electrode, whereas at PZC, its diffusion is hindered.
Additionally, the orientation of OH− near the interface exhibits dis-
tinct behavior under these two potential conditions (inset of Fig. 4b).
Under the CP condition, OH− tends to adopt a vertical orientation,
with the O–H bond pointing toward the surface. In contrast, at PZC,
the ion predominantly adopts a horizontal configuration, lying flat on
the electrode surface while remaining confined to the interfacial
region. The freedom of OH− to diffuse away from the electrode
results from the weakening of the hydrogen-bond network in the
interfacial region at CP, where the interfacial water molecules reori-
ent such that one hydrogen atom points toward the electrode,
facilitating its diffusion via the Grotthus mechanism. Together, these
effects promote OH− diffusion into the bulk and contribute to the
lower free energy barrier for ion-pair dissociation observed in stage 2.
This change in diffusion also explains the energy trend in stage 3:
restricted OH− motion at PZC leads to a nearly constant free energy,
while bulk diffusion at CP results in a gradual decrease of the free
energy.

*COOH splitting mechanism
Before proceeding to describe the last electrochemical step that leads
to the formation of *CO, we replaced the OH− formed in the previous
step by one water molecule to simulate the neutralization effect of the
buffer solution under experimental conditions50 (the influence of
interfacial pH on *COOH splitting is discussed in Supplementary
Note 3, Supplementary Table 4 and Supplementary Fig. 20).

Once electrolyte neutrality is re-established, the *COOH inter-
mediate remains stably adsorbed on the surface under both PZC and

CP conditions. Furthermore, the length of the protonatedC–Obond in
*COOH is slightly longer under CP compared to PZC (Supplementary
Fig. 21). This bond elongation suggests greater activation of the C–O
bond for cleavage under the effect of the applied potential.

The free energy profile for the *COOH dissociation process as a
function of the C–O distance (dC,OOH

) is shown in Fig. 5a. Three distinct
stages can also be observed here, and these are: C–O bond cleavage
(stage 1), first proton transfer (1st PT, stage 2), andOH− diffusion (stage 3)
(Fig. 5b and Supplementary Video 5). The transition state appears at a
dC,OOH

of 1.94Å under both potential conditions, with similar activation
energies (0.53 eV at PZC and0.49 at CP, respectively). As observed in the
*CO2 hydrogenation step, the free energy profile gradually decreases
under CP conditions as the dC,OOH

distance increases beyond ~5Å, while
it remains nearly flat at PZC. This behavior can be explained similarly to
the *CO2–to–

*COOH hydrogenation case, considering the distinct OH−

dynamics at PZC and CP. Indeed, also here, the formed OH− remains
surface-bound at PZC, whereas under CP condition, it tends to diffuse
into the bulk electrolyte, contributing to the observed decrease in free
energy (Supplementary Fig. 22).

Fromamechanisticpoint of view, our simulations suggest that the
cleavage of the C–OHbond in *COOH is not initiated by protonation of
the hydroxyl group (Supplementary Fig. 23). Instead, the bond breaks
first, resulting in the formation of an OH− species, which subsequently
migrates away from the surface via the Grotthuss mechanism. This
sequential bond cleavage, followed by proton transfer, contrasts with
the mechanism proposed in previous studies based on the computa-
tional hydrogen electrode (CHE) model53,54, where this step is typically
treated as a concerted proton-coupled electron transfer process.

*CO desorption process
As the final step, we have investigated the desorption of *CO. The
z-distance between the carbon atom of CO and the surface is
selected as the CV to obtain the FES of the desorption process, and

dC,OOH = 1.86 Å dC,OOH = 3.64 Å dC,OOH = 6.45 ÅdC,OOH = 1.33 Å

PT

Initial state Bond cleavage 1st PT OH- diffusion

(a) (c)

(b)

Stage 2
Stage 3Stage 1

dC,OOH

OH-
OH-

OH-

dC,OOH

d

Fig. 5 | *COOH splitting and CO desorption processes. a One-dimensional FES of
*COOH splitting along the distance between the C atom and the O atom of the
hydroxyl/hydroxide group, with three stages identified: bond cleavage (Stage 1),
first proton transfer of OH− (Stage 2), and OH− diffusion (Stage 3). b Representative
snapshots illustrating three stages of the *COOH splitting process, captured from
the biased trajectory at CP condition. The colors in the snapshots represent Ag in
light gray, C in dark gray, O in red, and H in white. The green transparent ball

illustrates the locationofOH−. Only thewatermolecules involved in the reaction are
shown in ball-stick style, while others are depicted in transparent stick style for
clear illustration. c One-dimensional FES of the CO desorption process along the
vertical distance of CO from the surface. The reference minima of the free energy
profiles are aligned to the initial states in both FES plots for better comparison of
the free energy difference at PZC and CP conditions. In the inset, the Ag slab is
shown in light gray, C in dark gray, O in red, and H in white.
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the resulting free energy surface is shown in Fig. 5c. The equilibrium
position of the *CO lies at approximately 1.7 Å from the surface,
sitting in the first layer of interfacial water. As shown in Supple-
mentary Fig. 24, *CO primarily binds to the hollow site of the second
Ag layer, but migrates throughmultiple adsorption sites under both
potential conditions. Similar to the behavior of *CO2,

*CO exhibits
larger mobility under CP conditions, sampling nearly all surface
sites within 1 ns.

The FES reveals that the barrier for COdesorption is0.07 eV lower
under CP conditions compared to PZC. Interestingly, the TS is located
approximately 5Å above the surface, which corresponds to the
thickness of the interfacial solvent layer. Bader charge analysis indi-
cates that the net charge of *CO is nearly identical in both potential
conditions, with the adsorbed molecule being slightly negatively
charged (Supplementary Fig. 25). At CP the electrostatic repulsion
between the negatively charged surface and *COmay weaken the M–C
bonding interaction, making the *CO desorption primarily controlled
by the interfacial hydrogen-bond disruption and solvent reorganiza-
tion. The desorption process requires the breaking of the interfacial
hydrogen-bond network and releases a surface adsorption site, which
is subsequently reoccupied by a nearby water molecule55 (Supple-
mentary Fig. 26). At CP, the weakened hydrogen-bond network facil-
itates both the migration of CO through the interfacial region and the
rapid reorganization of water molecules to refill the adsorption site.
These two effects collectively contribute to lowering the desorption
barrier under CP conditions.

Therefore, although CO desorption is typically considered a
nonelectrochemical process, our results indicate that it is indirectly
influenced by the applied potential. The negative potential weakens
the hydrogen-bond network within the interfacial water layer, facil-
itating the desorption of CO molecules. This promotes the continua-
tion of subsequent CO2 reduction, ensuring the sustainable catalytic
performance of the system.

Discussion
The schematic mechanism for the overall CO2 electroreduction to CO
under working electrochemical conditions is shown in Fig. 6. Our
simulations identify the hydrogenation of *CO2 as the rate-determining
step, with a free energy barrier of 0.59 eV at −1.5 V vs. SHE. Crucially,
this barrier is not simply dictated by the direct electrostatic stabiliza-
tion induced by the applied potential, but is stronglymodulated by the
electric-bias-driven reorganization of the interfacial water network.
Prior studies often underestimated this barrier by overlooking the
dissociation dynamics of the *COOH–OH− ion pair. Our enhanced
sampling-based approach captures this dissociation as a distinct,
water-mediated step controlled by proton transfer and solvent struc-
ture, refining the mechanistic picture of CO2 reduction.

Indeed, a central insight from our work is that the electric bias
reshapes interfacial water structure and dynamics, which in turn

governs key reaction steps. Under negative potential, water molecules
adopt a “H-down” orientation and form a weakened hydrogen-bond
network. This disruption reduces the rigidity of interfacial water,
enhancing solvation flexibility and facilitating proton transfer andOH−

diffusion via the Grotthuss mechanism. These solvent-mediated
effects are not secondary, as OH− diffusion plays a critical role across
multiple steps and is highly sensitive to interfacial water structure. At
PZC, OH− remains confined near the surface, whereas under negative
potential, it diffuses into the bulk, stabilizing intermediates and con-
tributing to the overall free energy landscape. Even CO desorption,
traditionally seen as a nonelectrochemical event, is indirectly modu-
lated by the interfacial solvent. The weaker hydrogen-bond network at
negative potential lowers the energetic barrier for CO to escape into
the electrolyte. Thus, even non-redox steps become field-sensitive
through water-mediated effects.

This broader understanding of the reaction mechanism also
challenges once more the traditional idea that catalytic activity
depends only on specific sites on the surface30,31,56. The active catalytic
environment should instead be seen as the coupled system of the
electrode and the interfacial water layer. Moreover, these are not
purely local effects confined to the adsorption site, but they reflect a
nonlocal, collective response of the interfacial layer to the electric
potential. As such, the catalytic performance emerges from global
electric bias-induced restructuring of the electrode-electrolyte micro-
environment, rather than arising purely from local adsorption inter-
actions at the surface.

Our results underscore the need to treat solvents explicitly and
dynamically, and they establish machine learning-accelerated mole-
cular dynamics coupled with enhanced sampling techniques as a
powerful framework for capturing the complexity of electrochemical
interfaces. Looking ahead, tuning this interfacial environment offers
a promising route to enhance CO2 reduction kinetics. In practical
systems, alkali metal cations (Na+, K+, Cs+, etc.) play a crucial role at
the electrode-electrolyte interface by promoting surface charge
accumulation, modulating the interfacial electric field, and stabiliz-
ing key reactive intermediates49,57,58.While explicit cation effectswere
not included in the present simulations, their strong coupling to
electrochemical potential-driven water dynamicsmakes a systematic
investigation of their role under working conditions a promising
direction for future studies, and our computational framework is
readily extendable to incorporate these effects.

Methods
DFT single-point calculations
The Ag(111)/H2O interface was modeled using 5-layer p(3 × 3) and
4-layer p(4 × 4) Ag(111) slabs, with 30 and 58 water molecules placed
above the Ag surface, respectively, corresponding to a density of 1 g/
cm3. All DFTenergy and force calculationswereperformedwithVienna
Ab initio Simulation Package (VASP)59,60, where the projector

e- H2O H2O + e-

0.16 eV

(H2O)

0.59 eV 0.49 eV 0.28 eV

Fig. 6 |MechanismofCO2 reduction toCO.Schematic illustrationof theproposed
reaction pathway for CO2 reduction in a neutral electrolyte under electrochemical
working potentials. The free energy barrier of each elementary reaction step at an
applied potential of −1.5 V vs. SHE is shown below the corresponding arrow. The

free energy barriers (ΔG‡ and free energy differences ΔG) of each elementary step
are listed in Supplementary Tables 5 and 6. In the schematic, the slab is shown in
light gray, C in dark gray, O in red, and H in white.
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augmented wave (PAW) pseudopotentials were used61,62. The electron
exchange-correlation potential was described using r2SCAN
functional63, with rVV10 correction applied to account for the nonlocal
van der Waals interactions64. The kinetic energy cutoff for the plane
wave basis expansion was set to 500 eV. The first-order
Methfessel–Paxton scheme with a smearing width of 0.2 eV was
used. The convergence threshold for self-consistency was set to
1 × 10−6 eV. The Brillouin zone was sampled using a k-point grid of
3 × 3 × 1 and 2 × 2 × 1 for p(3 × 3) and p(4× 4) slab models, respectively.
A 15Å vacuum layer was perpendicularly added to the model to elim-
inate the spurious interactions between periodic images (Supple-
mentary Table 1).

The self-consistent implicit solvation model implemented in
VASPsol21,65 was employed in the region of vacuum layer, with the aim
to calculate the electric potential (U) by referencing the Fermi level
(EFermi) of the system against the standard hydrogen electrode (SHE):

Uð v.s. SHEÞ= � EFermi

e
� USHE ð1Þ

where USHE is the absolute electrode potential of SHE, with a fitted
value of 4.21 V in this work (Supplementary Method 1 and Supple-
mentary Fig. 27). InVASPsol, the relativepermittivity of the solventwas
set to 78.4 to represent water, and the Debye length was set to 3.04Å,
corresponding to a bulk electrolyte concentration of 1M. A SOLHY-
BRIDmodel24 was patched to the original VASPsol to avoid the possible
nonphysical interaction of implicit solvation with explicit water
molecules (Supplementary Fig. 28). This hybrid explicit/implicit sol-
vent model (illustrated in Supplementary Fig. 1a) has been validated
for computing electrode potential and performing GCE-DFT
calculations23,24,66,67.

Two types of DFT calculations were performed to calculate the
energies and forces of configurations under PZC and CP conditions
(Supplementary Fig. 1c). At PZC, the number of valence electrons
(Ne,PZC) was used, corresponding to the conventional constant-charge
DFT calculations (Supplementary Fig. 29). In contrast, under CP con-
ditions, the number of electrons (Ne) of each configuration was
externally optimized to reach the preset constant electric potential
with a convergence threshold of 0.01 V, which is denoted as GCE-DFT.
The optimization of Ne was implemented with a fully-converged con-
stant-potential (FCP) algorithm in ref. 25. The potential-dependent
electronic grand-canonical free energy of the system under CP con-
dition was calculated as

ΩelðUÞ= EðUÞ � ðNe � Ne, PZCÞ � EFermi ð2Þ

where E(U) is the electronic energy under the applied potential.

Machine learning interatomic potentials
Two sets of MLIP were constructed for describing CO2 reduction
reaction at the Ag(111)/H2O interface under PZC and CP (−1.5 V vs.
SHE) conditions, respectively. Fitting separate MLIPs for a grand-
canonical potential energy surface at a desired electric potential is a
practical strategy, since electrochemical reactions proceed at the
electronic ground state in an open system25. Nevertheless, looking
ahead, developing an MLIP capable of modeling electrocatalytic
processes across a continuous range of potentials is highly desir-
able. Recent studies by Liu et al. and Zhou et al. have made pro-
mising progress toward this direction68,69, introducing approaches
that predict the Fermi level from the atomic configuration and the
number of electrons, and dynamically adjust the electron count
during the MD simulations to maintain the target desired potential.

In this work, each MLIP was trained using MACE version 0.3.428,
one of the state-of-the-art graph neural networking (GNN) archi-
tectures, which combines equivalent message passing with a high

body-order description of the local atomic environment via spherical
harmonic polynomials, leading to excellent performance in accurate
modeling of complex atomic interactions while maintaining
efficiency70. Eachmodelwas trainedwith 128 equivariantmessages and
2 interaction layers. A cutoff of6Åwas employed. Thedatasetwas split
into training/validation subsets with a ratio of 95:5, with a batch size of
5 for training and 10 for validation. A weighted loss function was
employed with force and energy weights set to 1000 and 10, respec-
tively. The training process was carried out with 350 epochs, with the
last 20% of epochs switching to the Stochastic Weight Averaging
strategies to lower the energy errors. Four different MLIPmodels were
trained to estimate model uncertainty using a query-by-committee
approach.

Active learning procedure
The initial configurations of the training set were collected from MD
simulations with the MACE-MP-071,72, a pre-trained MLIP model that
covers 89 elements on 1.6M bulk crystals in the MPTrj dataset. The
model has been proven to reasonably describe the behavior of solid-
liquid interfaces70. We then applied an active learning protocol to
generate new configurations through MD simulations with MLIPs that
have been built during training. Specifically, we evaluated the max-
imum standard deviation of the atomic forces predicted by the com-
mittee of four different MLIP models in each electric potential

scenario30 (σ =maxi

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
4

P4
α = 1 Fα

i � Fi

�� ��2q
). Training configurations were

selected according to their associated σ values, following a strategy
similar to that adopted in refs. 30,73.

Even with the availability of MLIPs, numerous reactive processes,
such as complex chemical reactions, typically occur on timescales far
exceeding those accessible by performing standard MD simulations.
This limitation makes it prohibitive to thoroughly sample a broad
spectrum of reactive species across all possible reaction pathways. To
this effect, we combined the protocol with enhanced sampling meth-
ods to ensure a comprehensive exploration of the reaction landscape
of CO2 reduction (see “Enhanced sampling simulations” section). This
procedure (MD enhanced sampling, collection of new configurations,
DFT single-point calculation, and training) was iterated until reliable
MLIPs capable of fully describing the CO2 reduction to CO were
obtained. The illustration of our workflow is depicted in Supplemen-
tary Fig. 1b.

Ultimately, we constructed two training sets for describing CO2

reduction process at the Ag(111)/H2O interface under PZC and CP con-
ditions, comprised of 6449 and 5777 configurations, respectively. The
composition of the two training sets is reported in Supplementary
Fig. 30. 600 configurations along the reaction pathways and transition
states were selected as test sets for evaluating the accuracy of forces
predicted by the MLIPs under PZC and CP conditions, respectively
(Supplementary Fig. 31).

TheMLIPs formodeling the CO2 adsorption process at the Ag(111)
surface with a fully implicit solvent model at PZC and constant
potentials of −1 V, −1.5 V, and −2 V vs. SHE were obtained using the
same protocol but trained separately. The final training set for these
four MLIPs consists of 911 configurations.

Molecular Dynamics Simulations
Classical molecular dynamics simulations were preformed with the
Large-scale Atomic/Molecular Massively Parallel Simulator (LAMMPS)
program74, patched with MACE 0.3.4 and PLUMED 2.975. NVT simula-
tions were performed with an integration time step of 0.5 fs. The
temperature was controlled using a stochastic velocity scaling
thermostat76 with a coupling constant of 50 fs.

During the active learning stage, simulationswereperformedwith
p(3 × 3) and p(4× 4) Ag(111)/H2O models. One interfacial water mole-
cule would be substituted by CO2 molecule when considering the
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reactionof CO2 toCOconversion.When thefinalMLIPswere obtained,
a 5-layer p(6 × 6) Ag(111) slab containing 180 water molecules (the
thickness of explicit water is around 20 Å and the density of water is
1 g/cm3) was used for simulating properties of the Ag(111)/H2O inter-
face. The water density profiles in Fig. 2a confirm that the thickness of
explicit water used in our simulation is sufficient to capture the tran-
sition from interfacial to bulk water properties. To evaluate the CO2

reduction elementary reaction steps with OPES-biased simulation, a
5-layer p(5 × 5) Ag(111) slab with 119 water molecules and one CO2

molecule was used, representing the reaction in a neutral electrolyte
(pH = 7). In all simulations, the bottom two layers of the Ag slab were
fixed to simulate bulk phase structure. The temperature was set to
330K to better describe the geometrical properties of water at room
temperature in all the simulations, as suggested in Supplementary
Fig. 32. The use ofMLIPs provided an approximately 105-fold speed-up
over grand-canonical DFT calculations (Supplementary Table 7),
allowing the extensive sampling required to capture slow interfacial
dynamics and obtain statistically robust thermodynamic and kinetic
insights.

Enhanced sampling simulations
The On-the-fly Probability Enhanced Sampling (OPES)29,77, implemented
in the open source PLUMED plugin, was used for exploring the reactive
space and obtaining the free energy surfaces. Two types of collective
variables (CVs)were employedduring theOPES-biased simulations. One
CV corresponds to the distance between two reactive intermediates or
the vertical distance of the intermediate from the surface. The other CV
represents the maximum coordination number, which captures the
chemical bond formation and cleavage of critical components:

C:N:A, B =
XNj

j2B

1� dij

r0

� �n

1� dij

r0

� �m ð3Þ

Smax
AB =β log

X
i2A

exp
C:N:A, B

β

� �
ð4Þ

Here, dijdenotes the distance between atoms i of species A and atoms j
of species B, and r0 is the reference distance between the two species.
The exponents n andm control the sharpness of the function, while β
governs the smoothness of the soft maximum function, which is set to
0.05. A detailed application of the CVs and OPES barriers (ΔE) for each
elementary step is provided in Supplementary Method 2 and Supple-
mentary Figs. 33–36.

Data availability
Inputs and instructions to reproduce the results presented in this
manuscript can be found in the Zenodo repository (https://doi.org/10.
5281/zenodo.17212732). Source data are provided with this paper.

Code availability
The results presented in this manuscript were obtained using the
commercial computational package VASP, as well as publicly available
software packages, including LAMMPS, PLUMED, and MACE.
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