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ABSTRACT
Diffusion quantum Monte Carlo (DMC) and coupled cluster theory [CCSD(T)] are widely used benchmark methods for noncovalent interac-
tions (NCIs). However, recent studies have reported notable discrepancies for several hydrogen-bonded and dispersion-dominated systems, 

raising questions about the accuracy of the approximations underlying each approach. In DMC, the dominant residual error is expected to 

stem from the fixed-node (FN) approximation, where the nodal surface is typically taken from a single Slater determinant (SD) derived from 

density functional theory or Hartree–Fock calculations. In this work, we assess the impact of nodal-surface optimization on DMC predictions 

for 12 compounds spanning diverse NCIs. In particular, we compare binding energies obtained with a recently proposed antisymmetrized 

geminal power Ansatz parameterized with natural orbitals (AGPn) and with the conventional SD ansatz. AGPn is a generalization of the 

SD Ansatz and, when variationally optimized at the DMC level, yields lower total energies. We find that for hydrogen-bonded systems, AGPn 

improves the agreement with CCSD(T), whereas its effect on dispersion-dominated systems is negligible within the statistical uncertainty. The 

obtained mean absolute deviations between CCSD(T) and FN-SD-DMC binding energies are 0.43(2) and 0.21(2) kcal/mol for the hydrogen-
bonded and dispersion-dominated systems, respectively, and those between CCSD(T) and FN-AGPn-DMC binding energies are 0.18(2) and 

0.28(3) kcal/mol for the hydrogen-bonded and dispersion-dominated systems, respectively. These results suggest that the reported discrepan-
cies between DMC and CCSD(T) for hydrogen bonds originate primarily from the mean-field nodal surface of the SD ansatz, while the origin 

of the discrepancies for dispersion-dominated systems remains an open question.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license 

(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0348824

I. INTRODUCTION

The central task of ab initio electronic structure calculations 

is to solve the many-body Schrödinger equation. Several methods 

have been developed to solve this equation, including wavefunction 

methods (quantum chemistry calculations), density functional the-
ory (DFT), and quantum Monte Carlo (QMC). On the one hand, 

coupled cluster theory with single, double, and perturbative triple 

excitations [CCSD(T)] 

1 has been regarded as a reference method

within the wavefunction methods. On the other hand, the fixed-node 

diffusion quantum Monte Carlo (FN-DMC) 

2 has also been regarded 

as a reference method, especially in materials science and con-
densed matter physics. Typically, FN-DMC uses a Jastrow factor as 

the guiding function, multiplying a single Slater determinant (SD). 

Thereafter, we call this approach FN-SD-DMC. For small molecu-
lar systems, FN-SD-DMC and CCSD(T) typically yield consistent 

values, e.g., for intermolecular binding energies. However, in 2021, 

Al-Hamdani et al. reported significant discrepancies between

J. Chem. Phys. 165, 124102 (2026); doi: 10.1063/5.0348824 165, 124102-1
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CCSD(T) and FN-SD-DMC calculations when evaluating the bind-
ing energies of large molecules bound by van der Waals forces, 

such as C 60 
buckyball inside a [6]-cycloparaphenyleneacetylene ring 

(C 60@[6]CPPA 

). 

3 Fishman et al. reported that such discrepancy is 

also observed in π-stacking complexes, such as acene and alkadi-
ene dimers. 

4 Furthermore, in 2025, more binding energies were 

benchmarked on the S66 dataset 

5 of medium-sized dimers. It was 

reported that discrepancies between CCSD(T) and FN-SD-DMC 

were observed not only for large molecules bound by van der Waals 

forces but also for some molecules bound by hydrogen bonds. 

Since neither CCSD(T) nor FN-SD-DMC is exact, and both rely 

on approximations, it remains difficult to unambiguously determine 

which approach is more accurate for NCIs.
On the coupled cluster (CC) side, considerable effort has 

been devoted to investigating how binding energies change as 

higher-order perturbative corrections are included 

6–11 or as higher-
order screening effects are treated differently, 

12 such as by CCSDT, 

CCSDT(Q), and CCSD(cT). 

13 The details of these studies are dis-
cussed later in Sec. III. On the FN-DMC side, by contrast, the main 

line of investigation has been to assess how the nodal surface of 

the trial wave function affects binding energies. The present work 

follows this direction by investigating how the FN-DMC binding 

energies change when the nodal surface of the trial wave function 

is improved.
Several choices have to be made when setting up FN-SD-DMC 

simulations, such as deciding how to initialize the Slater deter-
minant; which functional form for the Jastrow factor, basis set, 

14 

and pseudopotentials to employ (all-electron calculations in FN-
DMC are possible, but explicitly treating core electrons entails a 

severe computational cost, which scales roughly as Z 

6 , where Z 

is the largest atomic number in the system 

15 ); how to deal with 

the non-local terms in the pseudopotentials; 

16–18 which scheme to 

adopt to stabilize the simulation; 

19,20 how to eliminate the finite 

time step and finite-population biases; and how to optimize the 

variational parameters in the Jastrow factor and control the opti-
mization uncertainty. Reproducibility across different QMC codes 

is reached when a consistent setup is adopted and the infinitesimal 

time step limit is carefully assessed. 

21 The choice in SD initialization 

and the pseudopotential localization affects the total energies of FN-
SD-DMC, but energy differences are typically minimally affected 

by these choices, indicating a strong cancellation of these biases, 

especially on evaluations of interaction energies on NCIs. The sys-
tems for which FN-SD-DMC and CCSD(T) disagree are no excep-
tion: FN-SD-DMC simulations adopting different setups have been 

performed 

3,5,22 and the dependence of the interaction energy on the 

setup is minimal and is much smaller than the difference with the 

CCSD(T) evaluations. Thus, if there is a bias on FN-SD-DMC eval-
uations, it would come from the fixed-node approximation (i.e., the 

nodal surface).
The fixed-node approximation is the least systematically con-

trollable approximation in FN-DMC, arising from the so-called 

Fermion sign problem. 

2,23,24 In FN-SD-DMC, the nodes are defined 

by the single Slater determinant, as the Jastrow factor is posi-
tive. Typically, in FN-SD-DMC, the SD is provided by a preceding 

mean-field calculation, such as Hartree–Fock (HF) or DFT calcula-
tions. In this situation, what can be done from the FN-DMC side 

is to investigate whether the binding energy obtained by using a

better wavefunction—beyond a mean-field nodal surface—remains 

unchanged, or approaches the CCSD(T) value. This makes it pos-
sible to assess whether the discrepancy between CCSD(T) and 

FN-SD-DMC originates from the mean-field nodal surfaces used in 

FN-SD-DMC.
Many variational Ansatzes beyond the single Slater-

determinant have been proposed. Examples are multideterminant 

ansatz, 

25–28 including selected-CI/CIPSI expansions, 

29–34 anti-
symmetrized geminal power (AGP) Ansatz, 

35 backflow, 

36–38 

Pfaffian, 

38–40 and more recently, neural-network-based 

Ansatzes. 

41–44 They have been applied to binding energy cal-
culations of various molecules. 

22,29,33,34,40,44–49 A pioneering work 

in the context of the present study is the FN-DMC calculation 

with the backflow Ansatz (denoted as FN-BF-DMC in this study) 

for AcOH–AcOH and water-peptide by Lambie et al. 

49 The study 

revealed that the consistency between CCSD(T) and FN-BF-DMC 

is much better than that between CCSD(T) and FN-SD-DMC; thus, 

the reported discrepancy between CCSD(T) and FN-SD-DMC is 

attributed to the mean-field nodal surface used in FN-SD-DMC. 

However, in any ansatz, the drawback is the inevitable trade-off 

between flexibility and computational cost. More flexible Ansatzes 

can yield lower variational energies, but they generally require 

a higher computational cost. For the evaluation of interaction 

energies, however, obtaining lower total energies is not by itself 

sufficient: the Ansatz must describe the complex and the isolated 

fragments with comparable accuracy, so that size-extensivity and 

size-consistency are preserved, and the optimization uncertainty 

must be kept under control, ideally below the statistical error. This 

increases the computational cost and makes systematic studies of 

diverse compounds more challenging. In fact, Lambie et al. 

49 stated 

that their FN-BF-DMC calculations used 2.9 × 10 

6 and 1.5 × 10 

6 

core-hours for AcOH–AcOH and water-peptide on an AMD EPYC 

cluster machine, respectively, while their FN-SD-DMC counterparts 

cost 0.42 and 0.27 × 10 

6 core-hours, respectively. This may limit 

applications of larger compounds.
We recently developed a DMC workflow along this line based 

on AGP Ansatz with natural orbitals (denoted as FN-AGPn-DMC 

in this study), 

50 where only a relatively small number of pairing 

coefficients of the geminal pairing function are optimized. This is 

obtained by writing the pairing function in terms of natural orbitals 

constructed from a beyond HF/DFT calculation and keeping them 

frozen in the optimization while optimizing their weights. Since 

AGPn is a generalization of a single Slater determinant, it pro-
vides a variationally more flexible Ansatz than the SD form and can, 

therefore, improve the fixed-node energy when properly optimized. 

Moreover, the computational cost of FN-AGPn-DMC has the same 

scaling as that of FN-SD-DMC. 

50 This enables one to study large sys-
tems with better nodal surfaces than mean-field ones at an affordable 

computational cost.
This paper reports DMC binding-energy calculations using the 

FN-AGPn-DMC approach for a diverse set of non-covalent interac-
tion (NCI) compounds, together with comparisons against FN-SD-
DMC and CCSD(T) evaluations. We selected 12 NCI compounds 

for which discrepancies between FN-SD-DMC and CCSD(T) have 

been reported. The 12 compounds are taken from the S22, 

51 S66, 

52 

and A24 

53 datasets and are divided into two primary categories: 

hydrogen-bonded and dispersion-dominated systems (π-stacking,
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pure London dispersion, and mixed interactions). Our calcula-
tions show that for hydrogen-bonded systems, FN-AGPn-DMC 

yields binding energies closer to CCSD(T) than FN-SD-DMC does. 

For dispersion-dominated systems, FN-AGPn-DMC instead yields 

binding energies consistent with those obtained with FN-SD-DMC 

despite improving the wavefunction and systematically lowering 

the total energies. Thus, our study suggests that the discrepancies 

between FN-SD-DMC and CCSD(T) for hydrogen-bonded systems 

originate primarily from inaccuracies in FN-SD-DMC, in particu-
lar from the nodal surface of a single Slater determinant. The same 

conclusion cannot be straightforwardly generalized to dispersion-
dominated systems, for which FN-SD-DMC and FN-AGPn-DMC 

interaction energies agree within the statistical uncertainty. There-
fore, the origin of the discrepancies between DMC and CCSD(T) for 

dispersion-dominated systems remains an open question.

II. COMPUTATIONAL METHOD
In this work, we employed our recently developed method for 

variational optimization of the nodal surface with the FN-DMC 

framework. Typically, in DMC methods, the nodal surface is deter-
ministically given by the single Slater determinant constructed from 

a mean-field calculation, such as HF or DFT, and kept frozen at the 

DMC level. We denote it FN-SD-DMC in this work.
Our developed scheme 

50 aims to obtain a better wavefunction 

by variational optimization of the nodal surface at the DMC level. 

The choice is the most prominent feature of our scheme. To balance 

the accuracy and feasibility, we used an antisymmetrized geminal 

power (AGP) wavefunction parameterized with natural orbitals con-
structed from an MP2 calculation, denoted as AGPn ansatz. The 

details are described in Ref. 50. We briefly recall why the AGP Ansatz 

can be regarded as a generalization of the SD ansatz.
The AGPn Ansatz can be understood as a compact multideter-

minant extension of the single Slater determinant. For a closed-shell 

system, the AGP part is written as

∣Φ AGPn⟩ ∝ 

⎛ 

⎝

n

∑ 

p=1
λ pa 

†
p↑a 

†
p↓
⎞

⎠ 

N/2

∣0⟩, (1)

where a 

†
pσ creates an electron with spin σ in the pth MP2 natu-

ral orbital, λ p 
is the corresponding pairing coefficient, and n is the 

number of natural orbitals included in the pairing function. The ref-
erence single Slater determinant is obtained by doubly occupying the 

occupied natural orbitals,

∣Φ SD 
⟩ =

occ

∏ 

i
a 

†
i↑a 

†
i↓∣0⟩. (2)

By expanding Eq. (1) around this reference determinant, the AGPn 

wavefunction can be expressed as

∣ΦAGPn⟩ ∝

⎡
⎢
⎢
⎢
⎢
⎣

1 +
occ

∑
i

virt

∑
a

λa

λi
P†

aPi +
occ

∑
i<j

virt

∑
a<b

λaλb

λiλj
P†

aP†
bPjPi + ⋅ ⋅ ⋅

⎤
⎥
⎥
⎥
⎥
⎦

∣ΦSD⟩,

(3) 

where P 

†
p = a 

†
p↑a 

†
p↓ and P p 

= a p↓ 
a p↑ 

. Equation (3) shows that the 

AGPn ansatz contains the SD determinant as the leading term,

followed by pair excitations in which an occupied natural orbital 

is emptied and a virtual natural orbital is doubly occupied. There-
fore, the SD Ansatz is recovered when the pairing coefficients 

associated with the virtual natural orbitals are set to zero, whereas 

AGPn systematically extends the nodal surface by including selected 

occupied-to-virtual pair excitations.
In the workflow, only a restricted subset of the natural-orbital 

pairing coefficients was optimized, thereby reducing the number of 

variational parameters. Regarding how many weights to optimize, 

we targeted natural orbitals with MP2 calculated occupation ratios
>0.001 for optimization (this is a hyperparameter). We confirmed 

that the threshold of 0.001 yields a converged FN-AGPn-DMC 

energy relative to the occupation threshold (i.e., the number of 

considered virtual orbitals) for the water dimer.
Figure 1(a) shows the relation between the final FN-AGPn-

DMC energy with respect to the occupation threshold chosen for 

variational weight parameters in the pairing function in the water 

dimer. We tested 0.06, 0.02, 0.01, 0.001, 0.0001, and 0.000 01 (the 

corresponding numbers of considered virtual orbitals are 5, 8, 18, 38, 

85, and 139, respectively) and also repeated FN-DMC optimization 

three times with different seeds and hyperparameters. The figure 

shows that the chosen parameter 0.001 yields a converged energy, 

and the optimization uncertainty is within the statistical errors. 

Figure 1(b) schematically illustrates how the AGPn Ansatz improves 

the nodal surface relative to the SD Ansatz by mixing occupied and 

virtual MP2 natural orbitals.
The AGPn was combined with a conventional Jastrow factor. 

The Jastrow function in this study is composed of an inhomoge-
neous one-body, exponential-type two-body, and atomic orbital-
based three-body terms. 

54 The Jastrow factor was optimized only 

with VMC gradients and it was held fixed during optimization with 

(approximate) FN gradients. 

55 The weights for the natural orbitals 

were optimized with the FN gradients. The parameters were opti-
mized using the stochastic reconfiguration method 

56 implemented 

in TurboRVB 

54 with an adaptive learning rate. 

46

We selected 12 compounds as the benchmark set for this study, 

taken from the S22, S66, and A24 datasets. They are the acetic 

acid dimer (AcOH–AcOH, No. 20 in S66), the formic acid dimer 

(HCOOH–HCOOH, No. 3 in S22), the dimer of water and peptide 

(Water–Peptide, No. 4 in S66), the dimer of methanol and pyridine 

(MeOH–pyridine, No. 19 in S66), the water dimer (water–water, 

No. 1 in S66), the methylamine dimer (MeNH 2 
–MeNH 2 

, No. 10 in 

S66), the dimer of peptide and pentane (peptide–pentane, No. 46 in 

S66), the dimer of uracil and cyclopentane (uracil–cyclopentane, No. 

42 in S66), the dimer of pentane and acetamide (pentane–AcNH 2 
, 

No. 62 in S66), the benzene dimer (benzene–benzene, No. 

24 in S66), the dimer of ethene and ethyne (ethene–ethyne, 

No. 22 in A24), and the ethyne dimer (ethyne–ethyne, No. 

24 in A24). The compounds are divided into four categories: 

hydrogen bonds (water–water, HCOOH–HCOOH, AcOH–AcOH, 

MeNH 2 
–MeNH 2 

, water–peptide, and MeOH–pyridine), π-stacking
(benzene–benzene), pure London dispersion (uracil–cyclopentane,
ethene–ethyne, ethyne–ethyne, and peptide–pentane), and mixed-
interactions (pentane–AcNH2). In the main text, we categorize
them into two primary groups, hydrogen-bonds and dispersion-
dominated compounds (π-stacking, pure London dispersion, 

and mixed-interactions). The target compounds are all dimers

J. Chem. Phys. 165, 124102 (2026); doi: 10.1063/5.0348824 165, 124102-3
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FIG. 1. (a) FN-AGPn-DMC total energies of the water–water dimer, obtained using different occupation thresholds for choosing the number of optimized variational weight 

parameters. The tested occupation thresholds, 0.06, 0.02, 0.01, 0.001 (used for production runs), 0.0001, and 0.000 01, correspond to 5, 8, 18, 38, 85, and 139 virtual 

orbitals, respectively. The FN-SD-DMC energy is also plotted as a reference. The inset in panel (a): The optimizations were repeated three times with different seeds. The 

error bars represent 1σ. (b) A schematic figure representing how the SD and AGPn Ansatzes are constructed from one-body orbitals.

composed of two fragments. For each compound, we calculated 

either three or four configurations: Fragment 1, Fragment 2 (if frag-
ments are not identical), Complex, and Far-away complex (where 

the two fragments are sufficiently separated; used for checking the
size-consistency). 

For DMC calculations, we employed the correlation consistent 

effective core potential (ECP) 

57 and accompanying aug-cc-pVTZ 

basis sets. 

57 Our recent study 

14 has revealed that even in FN-DMC 

calculations, the choice of basis function matters for binding ener-
gies of the 0.1 kcal/mol order due to the basis set incompleteness 

error (BSIE). The aug-cc-pVTZ basis set sufficiently reduces the 

BSIE. 

14 For DFT and MP2 calculations for the trial wave function 

generations, we employed PySCF. 

58–60 The LDA-PZ functional was 

employed for the baseline DFT calculations, as it produces good 

orbitals for FN-SD-DMC, typically better than orbitals from HF or 

from other DFT exchange–correlation (XC) functionals. 

61–64 How-
ever, we note that the choice of XC typically has little or negligible 

effect on the binding energies, especially for NCIs, because of the 

FN-bias cancellation when considering energy differences. This is 

observed for the acetic acid dimer in Ref. 5, for benzene dimer and 

other dimers in Ref. 3, and in several other systems in Refs. 61, 63, 

and 65–69.
We exported the TREXIO 

70 files from PySCF and converted 

them to the TurboRVB wavefunction format using the converter 

implemented in TurboGenius. 

71 Subsequently, we performed the 

aforementioned FN-DMC calculations. For DMC calculations, we 

utilized the lattice regularized diffusion Monte Carlo method 

(LRDMC) 

72 implemented in TurboRVB. LRDMC realizes the pro-
jection as standard DMC does, and it has been confirmed that 

controlling all controllable errors yields identical results. 

21,73 In

LRDMC calculations, the controllable error is the real-space grid, a. 

This error can be eliminated by extrapolating a → 0. In this study, we 

adopted values of a = 0.1, 0.15, 0.2, and 0.3 Bohr and fitted the total 

energy using the quadratic function E(a) = E 0 
+ k 1 

a 

2 

+ k 2 
a 

4 . For the 

total energy, we report the extrapolated value, E(a → 0). For binding 

energies,

E b 

= E(Complex) − E( Monomer 1) − E( Monomer 2)

is computed. We found that the dependence of E b 

on a is flat within 

the error bars for a ≤ 0.2 for all compounds. Therefore, the value at 

a = 0.2 is reported. For size-consistency calculations,

E s 
= E(far − away) − E(Monomer 1) − E(Monomer 2)

is computed. We found that the dependence of E s 
on a is also 

flat within the error bars for a ≤ 0.2 for all compounds. There-
fore, the value at a = 0.2 is reported. In this study, since ECPs are 

used, the treatment of the so-called non-local term is crucial to sat-
isfy the variational principle in DMC calculations. Regarding this 

point, LRDMC corresponds to the implementation of the T-move 

method in standard DMC, 

17,72 thus ensuring the variational princi-
ple. Furthermore, we combined this with the Determinant Locality 

Approach (DLA). 

18 This method with the SD ansatz, when start-
ing from the same DFT calculation, yields the same result in the 

limit a → 0, i.e., independent of the Jastrow factor parameterization 

(referred to as the DTM method 

21 ). All calculations in this study 

were automated and performed using TurboWorkflows. 

71
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FIG. 2. Difference in binding energies computed by FN-SD-DMC, FN-AGPn-DMC, FN-BF-DMC, CCSD(T), CCSDT(Q), and CCSD(cT)-fit for (a) hydrogen bonds and (b) 

dispersion-dominated bonds. The CCSD(T), CCSDT(Q), CCSD(cT)-fit (except for HCOOH–HCOOH, ethene–ethyne, and ethyne–ethyne, which were computed in this 

work using the same setting in Ref. 5), and FN-BF-DMC values are taken from Refs. 5, 11, and 49, respectively. E b 
in the x labels refers to the binding energies (kcal/mol) 

obtained by FN-SD-DMC in this work. The error bars represent 1σ.

TABLE I. Binding energies (kcal/mol). The numbers in the parentheses represent 1σ error bars. ΔE 

x
b ≡ E 

x 

b − E 

FN−SD −DMC
b , where x ∈ {FN − AGPn − DMC, CCSD(T)}.

System FN-SD-DMC FN-AGPn-DMC CCSD(T) ΔEFN−AGPn−DMC
b ΔE 

CCSD(T) 

b

AcOH–AcOH −20.29(4) −19.74(6) −19.39(2) 

5 0.54(7) 0.90(5)
HCOOH–HCOOH −19.70(4) −19.09(4) −18.81(1) 

74 0.61(5) 0.89(4)
Water–peptide −8.48(4) −7.95(4) −8.20(2) 

5 0.52(6) 0.28(4)
MeOH–pyridine −7.81(4) −7.41(6) −7.48(2) 

5 0.40(7) 0.33(4)
Water–water −5.14(3) −4.96(3) −4.99(1) 

5 0.18(4) 0.15(3)
MeNH 2 

–MeNH 2 
−4.17(3) −4.07(3) −4.20(1) 

5 0.10(5) −0.03(3)
Peptide–pentane −4.03(7) −3.92(8) −4.23(2) 

5 0.1(1) −0.20(8)
Uracil–cyclopentane −3.72(7) −3.7(1) −4.07(2) 

5 0.1(1) −0.35(7)
Pentane–AcNH 2 

−3.31(6) −3.28(8) −3.51(2) 

5 0.0(1) −0.20(6)
Benzene–benzene −2.40(7) −2.33(8) −2.70(2) 

5 0.1(1) −0.30(7)
Ethene–ethyne 0.91(3) 0.96(3) 0.821 

53 0.05(4) −0.09(3)
Ethyne–ethyne 1.24(3) 1.32(3) 1.115 

53 0.08(5) −0.12(3)

III. RESULTS AND DISCUSSION

The key result of this work is summarized in Fig. 2 and Table I. 

Figure 2 shows the deviation of the binding energy obtained by FN-
AGPn-DMC from those obtained by FN-SD-DMC and Figs. 2(a) 

and 2(b) show those for the hydrogen and dispersion bonds, respec-
tively. Table I summarizes the binding energy values correspond-
ing to Fig. 2. For comparison, Fig. 2 also plots the deviations of 

the binding energies obtained by using other methods, CCSD(T), 

CCSDT(Q), CCSD(cT)-fit, and FN-BF-DMC, which will be dis-
cussed later. Figure 3 summarizes the mean absolute deviation

(MAD) of binding energies obtained by CCSD(T), CCSD(cT)-fit, 

FN-SD-DMC, and FN-AGPn-DMC. On the one hand, it is clear 

from Fig. 2(a) that, for binding energies for hydrogen bonds, FN-
AGPn-DMC weakens the binding energies, resulting in values closer 

to those of CCSD(T), specifically for formic acid dimer and acetic 

acid dimer. While the correction overshoots for water–peptide, 

the consistency between CCSD(T) and FN-AGPn-DMC (0.18(2) 

kcal/mol in MAD) is better than CCSD(T) and FN-SD-DMC 

(0.43(2) kcal/mol in MAD), as shown in Fig. 3. The result implies 

that for hydrogen bonds, the reported deviation between FN-SD-
DMC and CCSD(T) has arisen from the nodal surfaces obtained
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FIG. 3. Pairwise MADs of binding energies obtained by CCSD(T), CCSD(cT)-fit, 

FN-SD-DMC, and FN-AGPn-DMC for hydrogen bonds (H-bond), dispersion-
dominated bonds (dispersion), and all of them (All). The unit is kcal/mol.

from a mean-field approach. The implication agrees with the recent 

work 

49 for AcOH-AcOH and water–peptide. On the other hand, 

as shown in Fig. 2(b), for the dispersion-dominated bonds, FN-
AGPn-DMC shows negligible effect on binding energy with respect 

to FN-SD-DMC. This suggests that for these systems, the nodal-
surface improvement achieved by the present AGPn Ansatz largely 

cancels between the complex and the fragments, leaving the interac-
tion energies essentially unchanged within the statistical uncertainty. 

Our calculation implies that the reported discrepancies between FN-
DMC and CCSD(T) for those bonds might not be attributable to a 

mean-field nodal surface in FN-DMC, suggesting that other factors 

could be involved. This is discussed later.
From a practical perspective, it is also important to exam-

ine the computational cost of the FN-AGPn-DMC workflows. As 

described in Ref. 50, the number of parameters optimized in the 

FN-AGPn-DMC workflow is limited to the weights associated with 

the pairing function; thus, it linearly scales with the system size 

and remains on the order of 10 

2 in practice. For example, even 

for uracil–cyclopentane (dimer), which is the compound with the 

largest number of valence electrons in this study, the number of 

optimized parameters is only 183. Furthermore, AGPn itself is a 

single determinant of the pairing function. Consequently, the com-
putational cost of FN-AGPn-DMC is not significantly different from 

that of FN-SD-DMC. For example, for uracil–cyclopentane (dimer), 

the computational cost of FN-AGPn-DMC was about two times that 

of FN-SD-DMC when achieving the same error bar in total energy 

(c.f., the computational cost of FN-BF-DMC is ∼5–7 times that 

of FN-SD-DMC 

49 ). Our FN-SD-DMC calculations consume about 

1.2 × 10 

6 core-hours on the Fugaku supercomputer to achieve 

a 1σ error bar of 0.07 kcal/mol in the binding energy of 

uracil–cyclopentane, whereas the FN-AGPn-DMC counterparts 

consume about 1.1 × 10 

6 core-hours to achieve a 1σ error bar 

of 0.1 kcal/mol.
Several checks were performed to verify the validity of our 

calculations; the results are summarized in the Appendix. The 

total energies for all monomers and complexes obtained by FN-
AGPn-DMC are lower than those obtained by FN-SD-DMC. The

variational principle guarantees that our FN-AGPn-DMC calcula-
tions give a better nodal surface than the FN-SD-DMC calculations 

do. We also confirmed that the underbindings by FN-AGPn-
DMC are not due to deterioration in size consistency. CCSD(T) 

is size-consistent, 

1,75 whereas, in QMC, wavefunction optimization 

can degrade size-consistency, 

46,76 depending on the Ansatz choice. 

Improving the wavefunctions does not necessarily lead to better 

binding energies because the wavefunctions for the dimer may differ 

from those for the fragments, leading to artificial under- or over-
binding. In this work, we verified that the sum of the energies of 

the fragments constituting the complex is consistent with the total 

energy of a far-away complex within the error bars, where the two 

fragments are sufficiently separated. For all complexes in this study, 

size consistency is satisfied within the error bars, suggesting that the 

underbinding is intrinsic.
Now, let us discuss the origins of the discrepancy between 

FN-SD-DMC and CCSD(T) binding energies for the non-covalent 

bonds. We claim that, for the hydrogen bonds, the reported discrep-
ancies are likely due to the employed DFT nodal surface because 

FN-AGPn-DMC shows significant change in the binding energies 

and gives binding energies closer to the CCSD(T) values, espe-
cially for the hydrogen-bonding systems of formic acid dimer and 

acetic acid dimer. Our claim is consistent with many recent studies. 

For instance, Lambie et al. reported the binding energies of acetic 

acid dimer and water–peptide 

49 by FN-BF-DMC. They revealed 

that the obtained binding energies are underbound with respect 

to FN-SD-DMC values. Their FN-BF-DMC binding energies are 

consistent with our FN-AGPn-DMC ones within the error bars, 

as shown in Fig. 2. Semidalas et al. 

10 found that, for hydrogen 

bonds, CCSD(T) gives consistent binding energies with more accu-
rate CCSDT and CCSDT(Q) calculations. They also argue that the 

discrepancies reported for the hydrogen-bond systems between FN-
SD-DMC and CCSD(T) are very hard to rationalize with remaining 

flaws of CCSD(T). 

10 The present results are consistent with this 

interpretation.
The remaining discrepancies (∼0.25 kcal/mol) between 

CCSD(T) and FN-AGPn-DMC may still reflect residual fixed-node 

errors beyond the flexibility of the present AGPn ansatz. Indeed, 

after the controllable DMC biases have been removed, further 

improvements from the DMC side can only come from improving 

the nodal surface. The present workflow achieves this within a 

constrained AGPn parameterization, in which the orbitals entering 

the pairing function are fixed to MP2 natural orbitals and only a 

restricted subset of pairing coefficients is optimized. A natural next 

step is, therefore, to relax this constraint by adopting more flexible 

nodal parameterizations, such as multi-determinant trial wave 

functions or neural-network-based Ansatzes. 

41–44 For interaction 

energies, however, this increased flexibility must be balanced against 

the need to preserve size consistency and reliable error cancellation 

between the complex and its fragments.
The situation for the dispersion-dominated bonds is different. 

Our calculations reveal that FN-AGPn-DMC has negligible effect on 

the binding energy for those bonds compared with FN-SD-DMC; 

thus, the discrepancy between FN-SD-DMC and CCSD(T) is not 

explained by the DFT nodal surface, and other sources should con-
tribute to it. The origin of the discrepancy in those bonds is under 

intensive debate in the community. One of the pioneering studies
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was done by Schäfer et al. reporting changes in binding energies for 

nine π-stacking compounds using CCSD(cT). 

12 They demonstrated 

that for the nine compounds, CCSD(cT) restores excellent agree-
ment for interaction energies with FN-SD-DMC ones. Based on the 

way to estimate CCSD(cT) binding energies proposed by Schäfer 

et al. [denoted as CCSD(cT)-fit], Shi et al. 

5 reported the CCSD(cT)- 

fit binding energies for the S66 compounds. The trend is the same 

as Schäfer’s work. Indeed, for π stacking and other dispersion-
dominated compounds, CCSD(cT)-fit gives different binding ener-
gies than CCSD(T); thus, CCSD(cT) and CCSD(cT)-fit binding 

energies are close to FN-SD-DMC ones. The reported and com-
puted CCSD(cT)-fit values are plotted in Fig. 2. Very interestingly, 

for the tested dispersion bonds, CCSD(cT)-fit gives binding ener-
gies more consistent with our FN-SD-DMC and FN-AGPn-DMC 

ones, implying that only CCSD(T) gives overbindings for those 

molecules. However, we note that although CCSD(cT) has recently 

been proposed as an improved alternative to CCSD(T) for non-
covalent binding energies, its use as a reference remains under 

intensive debate because CCSD(cT) is an approximation to CCSDT, 

and CCSDT is not always accurate. 

6–10 Our work reveals that the 

discrepancies in the binding energies of the dispersion-dominated 

interactions might not be explained by the DFT nodal surface used 

in FN-SD-DMC calculations, but the origin of the discrepancies 

remains an open question.

IV. CONCLUDING REMARKS
In conclusion, we computed the binding energies of 12 com-

pounds with non-covalent bonds, for which the binding energies 

are reportedly inconsistent between CCSD(T) and FN-SD-DMC 

calculations, by the FN-DMC with nodal surfaces given by the anti-
symmetrized geminal power Ansatz with natural orbitals, denoted 

as FN-AGPn-DMC. The AGPn Ansatz yields a better nodal sur-
face than the conventional single Slater determinant Ansatz (SD); 

thus, FN-AGPn-DMC gives more accurate energies than FN-SD-
DMC does, allowing one to discuss whether the discrepancy arises 

from poor nodal surfaces in FN-SD-DMC. On the one hand, 

our calculations reveal that for hydrogen bonds, FN-AGPn-DMC 

yields weaker binding than FN-SD-DMC, leading to greater con-
sistency with CCSD(T). It indicates that the discrepancy previously 

reported in the binding energy calculations between CCSD(T) and 

FN-SD-DMC is due to the nodal surface given by a mean-field 

approach, such as density functional theory (DFT) calculation. On 

the other hand, our results show that for dispersion-dominated 

bonds, FN-AGPn-DMC yields binding energies consistent with 

those of FN-SD-DMC, thereby not improving the consistency with 

CCSD(T). The origin of the discrepancies for dispersion-dominated 

bonds remains an open question. One possible source is the lim-
ited nodal surface flexibility of the constrained AGPn parameter-
ization employed in the present study, in which the orbitals in 

the pairing function are fixed to MP2 natural orbitals and only a 

restricted subset of the pairing coefficients is optimized. A natural 

next step is, therefore, to go beyond this constrained parameteri-
zation and explore more flexible nodal parameterizations, such as 

multi-determinant trial wave functions and neural-network-based 

Ansatzes. Further investigation on the CC side would also be impor-
tant. As discussed in this work, for the dispersion-dominated sys-
tems studied here, different perturbative corrections yield noticeably

different binding energies, implying that reference CC values are not 

yet established for many NCIs. Complementary progress on both 

the DMC and CC sides will, therefore, be essential for clarifying the 

origin of the remaining discrepancies.
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APPENDIX: SUPPORTING DATA

Table II presents the results of the LRDMC calculations using 

the frozen DFT orbitals in this study and those of a previous study 

using DMC with the frozen DFT orbitals. Although different soft-
ware and implementations were used in each study, the binding 

energies agree within the statistical errors. This confirms the valid-
ity of our calculation results. Furthermore, we thoroughly checked 

size-consistency. In particular, we verified whether the sum of the 

energies of the fragments constituting the complex (i.e., Monomer
1 and Monomer 2) is consistent with the total energy of a far-away 

complex, where the two fragments are sufficiently separated (10 Å 

was employed in this study) and treated as a single molecule. This is 

because failure to check the property could lead to situations where

TABLE II. Binding energies (kcal/mol) obtained by FN-SD-DMC calculations. The
calculation settings (basis-set, effective core potential, XC for trial WF, locality 

approximation, and software package) used in this work, Refs. 5, 14, and 80, are 

(aug-cc-pVTZ, 

57 ccECP, 

57 LDA-PZ, T-move with DLA, 

18 and TurboRVB 

54 ), (plane-
wave, eCEPP, 

81 LDA-PZ, DLA, and CASINO 

82 ), (aug-VTZ, 

83 BFD-ECP, 

83 LDA-PZ, 

T-move, 

17 and QWalk 

84 ), and (aug-cc-pV6Z, 

57 ccECP, 

57 LDA-PZ, T-move with 

DLA, 

18 and TurboRVB 

54 ), respectively. The numbers in parentheses represent 1σ 

error bars.

System This work Previous studies

AcOH–AcOH −20.29(4) −20.30(8) 

5

HCOOH–HCOOH −19.70(4) −19.6(1) 

80

Water–peptide −8.48(4) −8.58(7) 

5

MeOH–pyridine −7.81(4) −7.89(7) 

5

Water–water −5.14(3) −5.16(3) 

5

MeNH 2 
–MeNH 2 

−4.17(3) −4.20(6) 

5

Peptide–pentane −4.03(7) −3.82(8) 

5

Uracil–cyclopentane −3.72(7) −3.59(9) 

5

Pentane–AcNH 2 
−3.31(6) −3.08(7) 

5

Benzene–benzene −2.40(7) −2.33(7) 

5

Ethene–ethyne 0.91(3) 1.04(9) 

14

Ethyne–ethyne 1.24(3) 1.32(8) 

14

TABLE III. Total energies (Ha), binding energy [E b 

= E Complex 

− (E Monomer 1 

+ E Monomer 2 

)] (kcal/mol), and size-consistency check [E s 
= E Far-away 

− (E Monomer 1
+ E Monomer 2 

)] (kcal/mol). The numbers in parentheses represent 1σ statistical uncertainty. The total energies are extrapolated values (a → 0), while E b 

and E s 
are computed 

with a = 0.2.

System Ansatz E Monomer 1 E Monomer 2 E Complex E Far-away E b E s

AcOH–AcOH FN-SD-DMC −45.820 54(7) ⋅ ⋅ ⋅ −91.673 6(2) −91.641 3(2) −20.29(4) −0.05(4)
FN-AGPn-DMC −45.824 94(7) ⋅ ⋅ ⋅ −91.681 5(2) −91.650 2(3) −19.74(6) −0.09(6)

HCOOH–HCOOH FN-SD-DMC −38.930 99(5) ⋅ ⋅ ⋅ −77.893 5(1) −77.861 9(1) −19.70(4) −0.02(4)
FN-AGPn-DMC −38.935 53(5) ⋅ ⋅ ⋅ −77.901 4(2) −77.871 2(1) −19.09(4) −0.11(4)

Water–peptide FN-SD-DMC −17.235 65(3) −47.182 84(9) −64.432 0(1) −64.418 6(1) −8.48(4) −0.10(4)
FN-AGPn-DMC −17.237 93(3) −47.186 4(1) −64.437 2(2) −64.424 7(1) −7.95(4) 0.01(4)

MeOH–pyridine FN-SD-DMC −24.090 33(3) −41.252 71(8) −65.355 5(2) −65.343 0(2) −7.81(4) −0.06(4)
FN-AGPn-DMC −24.092 77(3) −41.257 1(1) −65.361 7(2) −65.349 9(2) −7.41(6) −0.01(6)

Water–water FN-SD-DMC −17.235 77(4) −17.235 81(3) −34.479 70(5) −34.471 48(6) −5.14(3) −0.07(3)
FN-AGPn-DMC −17.238 02(3) −17.238 16(3) −34.484 06(5) −34.476 20(4) −4.96(3) −0.04(3)

MeNH 2 
–MeNH 2

FN-SD-DMC −18.587 62(3) −18.587 54(3) −37.182 00(8) −37.175 2(1) −4.17(3) −0.05(3)
FN-AGPn-DMC −18.589 37(3) −18.589 33(4) −37.185 4(1) −37.178 7(1) −4.07(3) 0.02(3)

Peptide–pentane FN-SD-DMC −35.587 0(1) −47.182 93(9) −82.775 8(4) −82.769 6(4) −4.03(7) 0.07(8)
FN-AGPn-DMC −35.588 8(1) −47.186 5(1) −82.782 1(6) −82.774 4(6) −3.92(8) −0.08(8)

Uracil–cyclopentane FN-SD-DMC −77.007 5(1) −34.375 06(8) −111.389 1(4) −111.382 8(4) −3.72(7) −0.1(1)
FN-AGPn-DMC −77.013 4(2) −34.376 80(9) −111.396 0(5) −111.389 9(5) −3.7(1) −0.1(1)

Pentane–AcNH 2
FN-SD-DMC −40.313 88(9) −35.586 9(1) −75.906 1(4) −75.901 1(4) −3.31(6) −0.15(6)

FN-AGPn-DMC −40.317 5(1) −35.589 1(2) −75.909 7(5) −75.906 3(6) −3.28(8) 0.07(7)

Benzene–benzene FN-SD-DMC −37.619 2(2) ⋅ ⋅ ⋅ −75.242 0(5) −75.238 7(5) −2.40(7) −0.06(7)
FN-AGPn-DMC −37.622 5(3) ⋅ ⋅ ⋅ −75.248 8(6) −75.246 0(6) −2.33(8) −0.07(8)

Ethene–ethyne FN-SD-DMC −13.711 58(4) −12.456 40(3) −26.166 38(5) −26.167 96(6) 0.91(3) −0.04(3)
FN-AGPn-DMC −13.713 82(4) −12.459 54(3) −26.171 67(7) −26.173 28(6) 0.96(3) −0.01(3)

Ethyne–ethyne FN-SD-DMC −12.456 36(4) ⋅ ⋅ ⋅ −24.910 77(5) −24.912 70(5) 1.24(3) 0.01(3)
FN-AGPn-DMC −12.459 47(3) ⋅ ⋅ ⋅ −24.916 88(6) −24.918 91(6) 1.32(3) 0.02(3)
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the binding energy is underestimated due to the artifact. In partic-
ular, if the complex is optimized to a lower energy solely because it 

has more atoms than the individual fragments, the apparent binding 

energy might be underestimated. In this study, as shown in Table III 

and Fig. 4, we calculated the total energy of several far-away com-
plexes and confirmed that the total energy is consistent with the 

sum of two fragments within the statistical errors. We note that the 

binding energies and size-consistency checks were computed with

a = 0.2. The other important check we have done is the total energy 

comparison between FN-SD-DMC and FN-AGPn-DMC (Fig. 5). 

Table III lists the total energies (a → 0) obtained for each fragment 

and complex. These results show that for all compounds, the AGPn 

Ansatzes yield sufficiently lower energies compared to the SD with 

the frozen DFT orbitals. This indicates that FN-AGPn-DMC pro-
vides a better nodal surface than FN-SD-DMC (from the variational 

principle).

FIG. 4. Results for the size-consistency check for FN-SD-DMC and FN-AGPn-DMC. E s 
= E Far-away 

− (E Monomer 1 

+ E Monomer 2 

) (kcal/mol). Error bars represent 1σ.

FIG. 5. Differences in total energies between FN-SD-DMC and FN-AGPn-DMC for Monomer1, Monomer2 (if it is not identical to Monomer1), Complex, and Far-away 

complex. The FN-AGPn-DMC yields lower energies than FN-SD-DMC does for all cases, indicating that the obtained nodal surfaces are improved for all cases.

J. Chem. Phys. 165, 124102 (2026); doi: 10.1063/5.0348824 165, 124102-9

© Author(s) 2026

 24 Septem
ber 2026 06:04:26

https://pubs.aip.org/aip/jcp


The Journal 

of Chemical Physics ARTICLE pubs.aip.org/aip/jcp

REFERENCES
1 K. Raghavachari, G. W. Trucks, J. A. Pople, and M. Head-Gordon, Chem. Phys. 

Lett. 157, 479 (1989).
2 W. M. C. Foulkes, L. Mitas, R. J. Needs, and G. Rajagopal, Rev. Mod. Phys. 73, 33 

(2001).
3 Y. S. Al-Hamdani, P. R. Nagy, A. Zen, D. Barton, M. Kállay, J. G. Brandenburg, 

and A. Tkatchenko, Nat. Commun. 12, 3927 (2021).
4 V. Fishman, M. Lesiuk, J. M. L. Martin, and A. Daniel Boese, J. Chem. Theory 

Comput. 21, 2311 (2025).
5 B. X. Shi, F. Della Pia, Y. S. Al-Hamdani, A. Michaelides, D. Alfè, and A. Zen, 

J. Chem. Phys. 162, 144107 (2025).
6 J. 

ˇ Rezáˇ c, L. Šimová, and P. Hobza, J. Chem. Theory Comput. 9, 364 (2013).
7 L. Demoviˇ cová, P. Hobza, and J. 

ˇ Rezáˇ c, Phys. Chem. Chem. Phys. 16, 19115
(2014).
8 K. U. Lao, J. Chem. Phys. 161, 234103 (2024).
9 S. Lambie, D. Kats, D. Usvyat, and A. Alavi, J. Chem. Phys. 162, 114112 (2025).
10 E. Semidalas, A. D. Boese, and J. M. L. Martin, Chem. Phys. Lett. 863, 141874 

(2025).
11 S. Lambie, C. Rickert, D. Usvyat, A. Alavi, and D. Kats, J. Chem. Phys. 163, 

111101 (2025).
12 T. Schäfer, A. Irmler, A. Gallo, and A. Grüneis, Nat. Commun. 16, 9108 (2025).
13 N. Masios, A. Irmler, T. Schäfer, and A. Grüneis, Phys. Rev. Lett. 131, 186401 

(2023).
14 K. Nakano, B. X. Shi, D. Alfè, and A. Zen, J. Chem. Theory Comput. 21, 4426 

(2025).
15 D. M. Ceperley, J. Stat. Phys. 43, 815 (1986).
16 L. Mitáš, E. L. Shirley, and D. M. Ceperley, J. Chem. Phys. 95, 3467 (1991).
17 M. Casula, Phys. Rev. B 74, 161102 (2006).
18 A. Zen, J. G. Brandenburg, A. Michaelides, and D. Alfè, J. Chem. Phys. 151, 

134105 (2019).
19 C. J. Umrigar, M. P. Nightingale, and K. J. Runge, J. Chem. Phys. 99, 2865 

(1993).
20 A. Zen, S. Sorella, M. J. Gillan, A. Michaelides, and D. Alfè, Phys. Rev. B 93, 

241118 (2016).
21 F. Della Pia, B. X. Shi, Y. S. Al-Hamdani, D. Alfé, T. A. Anderson, M. Barborini,
A. Benali, M. Casula, N. D. Drummond, M. Dubecký, C. Filippi, P. R. C. Kent, J.
T. Krogel, P. López Ríos, A. Lüchow, Y. Luo, A. Michaelides, L. Mitas, K. Nakano,
R. J. Needs, M. C. Per, A. Scemama, J. Schultze, R. Shinde, E. Slootman, S. Sorella,
A. Tkatchenko, M. Towler, C. J. Umrigar, L. K. Wagner, W. A. Wheeler, H. Zhou, 

and A. Zen, J. Chem. Phys. 163, 104110 (2025).
22 A. Benali, H. Shin, and O. Heinonen, J. Chem. Phys. 153, 194113 (2020).
23 J. B. Anderson, J. Chem. Phys. 65, 4121 (1976).
24 A. Annarelli, D. Alfè, and A. Zen, J. Chem. Phys. 161, 241501 (2024).
25 C. Filippi and C. J. Umrigar, J. Chem. Phys. 105, 213 (1996).
26 C. J. Umrigar and C. Filippi, Phys. Rev. Lett. 94, 150201 (2005).
27 J. Toulouse and C. J. Umrigar, J. Chem. Phys. 128, 174101 (2008).
28 M. A. Morales, J. McMinis, B. K. Clark, J. Kim, and G. E. Scuseria, J. Chem. 

Theory Comput. 8, 2181 (2012).
29 E. Giner, A. Scemama, and M. Caffarel, J. Chem. Phys. 142, 044115 (2015).
30 M. Caffarel, T. Applencourt, E. Giner, and A. Scemama, J. Chem. Phys. 144, 

151103 (2016).
31 A. Scemama, T. Applencourt, E. Giner, and M. Caffarel, J. Comput. Chem. 37, 

1866 (2016).
32 M. Dash, S. Moroni, A. Scemama, and C. Filippi, J. Chem. Theory Comput. 14, 

4176 (2018).
33 A. Scemama, Y. Garniron, M. Caffarel, and P.-F. Loos, J. Chem. Theory 

Comput. 14, 1395 (2018).
34 A. Scemama, E. Giner, A. Benali, and P.-F. Loos, J. Chem. Phys. 153, 174107 

(2020).
35 M. Casula and S. Sorella, J. Chem. Phys. 119, 6500 (2003).
36 N. D. Drummond, P. L. Ríos, A. Ma, J. R. Trail, G. G. Spink, M. D. Towler, and
R. J. Needs, J. Chem. Phys. 124, 224104 (2006).

37 P. López Ríos, A. Ma, N. D. Drummond, M. D. Towler, and R. J. Needs, Phys. 

Rev. E 74, 066701 (2006).
38 M. Bajdich, L. Mitas, L. K. Wagner, and K. E. Schmidt, Phys. Rev. B 77, 115112 

(2008).
39 M. Bajdich, L. Mitas, G. Drobný, L. K. Wagner, and K. E. Schmidt, Phys. Rev. 

Lett. 96, 130201 (2006).
40 C. Genovese, T. Shirakawa, K. Nakano, and S. Sorella, J. Chem. Theory Comput. 

16, 6114 (2020).
41 J. Hermann, Z. Schätzle, and F. Noé, Nat. Chem. 12, 891 (2020).
42 D. Pfau, J. S. Spencer, A. G. D. G. Matthews, and W. M. C. Foulkes, Phys. Rev. 

Res. 2, 033429 (2020).
43 X. Li, Z. Li, and J. Chen, Nat. Commun. 13, 7895 (2022).
44 W. Ren, W. Fu, X. Wu, and J. Chen, Nat. Commun. 14, 1860 (2023).
45 I. G. Gurtubay and R. J. Needs, J. Chem. Phys. 127, 124306 (2007).
46 S. Sorella, M. Casula, and D. Rocca, J. Chem. Phys. 127, 014105 (2007).
47 S. Azadi and R. E. Cohen, J. Chem. Phys. 143, 104301 (2015).
48 K. Nakano, R. Maezono, and S. Sorella, J. Chem. Theory Comput. 15, 4044 

(2019).
49 S. Lambie, P. L. Ríos, D. Kats, and A. Alavi, J. Chem. Theory Comput. 22, 7693 

(2026).
50 K. Nakano, S. Sorella, D. Alfè, and A. Zen, J. Chem. Theory Comput. 20, 4591 

(2024).
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