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Abstract Alchemical free energy methods using molecular mechanics (MM) force fields are essential tools
for predicting thermodynamic properties of small molecules, especially via free energy calculations that can
estimate quantities relevant for drug discovery such as affinities, selectivities, the impact of target mutations,
and ADMET properties. While traditional MM forcefields rely on hand-crafted, discrete atom types and pa-
rameters, modern approaches based on graph neural networks (GNNs) learn continuous embedding vec-
tors that represent chemical environments from which MM parameters can be generated. Excitingly, GNN
parameterization approaches provide a fully end-to-end differentiable model that offers the possibility of
systematically improving these models using experimental data. In this study, we treat a pretrained GNN
force field—here, espaloma-0.3.2—as a foundation simulation model and fine-tune its charge model using lim-
ited quantities of experimental hydration free energy data, with the goal of assessing the degree to which
this can systematically improve the prediction of other related free energies. We demonstrate that a highly
efficient "one-shot fine-tuning" method using an exponential (Zwanzig) reweighting free energy estimator
can improve prediction accuracy without the need to resimulate molecular configurations. To achieve this
"one-shot" improvement, we demonstrate the importance of using effective sample size (ESS) regulariza-
tion strategies to retain good overlap between initial and fine-tuned force fields. Moreover, we show that
leveraging low-rank projections of embedding vectors can achieve comparable accuracy improvements as
higher-dimensional approaches in a variety of data-size regimes. Our results demonstrate that linearly-
perturbative fine-tuning of foundation model electrostatic parameters to limited experimental data offers
a cost-effective strategy that achieves state-of-the-art performance in predicting hydration free energies on
the FreeSolv dataset.

1 Introduction

Computational molecular property prediction has become an indispensable resource in drug discovery,
offering a means to evaluate critical properties of candidate compounds—such as solubility [89], perme-
ability [63, 104], binding affinity [74], target selectivity [2], and mutational resistance [43, 96]—long be-
fore synthesis and experimental assays. While these computational predictions often lack the accuracy
of experimental measurements, their speed and cost-efficiency make them highly advantageous [71]. A
computational evaluation can be completed in hours without the need to synthesize the compound, com-
pared to the days to months required to synthesize compounds and perform laboratory assays. This rapid
turnaround enables researchers to screen and prioritize designs—potentially including large libraries of
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molecules—and focus resources on the most promising candidates, thereby accelerating the drug discov-
ery process [87].

Among the diverse computational approaches available, including data-driven methods such as ma-
chine learning models and cheminformatics, physics-based methods stand out for their versatility and
rigor. Rooted in statistical thermodynamics, these methods provide a theoretical grounding for compu-
tational molecular property prediction [17]. Many relevant properties—such as hydration free energies,
partition coefficients, binding affinities, selectivities, and the impact of mutations—can be directly cast as
thermodynamic quantities. These thermodynamic properties are accessible through alchemical free en-
ergy calculations that utilize molecular dynamics simulations [40], which serve as a convenient method to
sample the equilibrium conformational distribution of the potential energy surface [95], a consequence of
the underlying model being used. Low-level models, such as molecular mechanics, approximate the poten-
tial energy surface with classical force fields, while higher-level models, such as density functional theory
(DFT) [33], provide a more detailed quantum mechanical representation [38, 86]. By preserving the under-
lying physics and offering a consistent framework for diverse property predictions, physics-based methods
uniquely enable robust and mechanistic insights into molecular behavior in addition to quantitative predic-
tions of experimentally measurable properties.

There is an inherent trade-off between speed and accuracy when choosing computational methods for
molecular dynamics simulations or other physics-based molecular property prediction approaches. Higher
levels of theory, such as density functional theory (DFT) and coupled cluster methods (e.g., CCSD(T)) [5], pro-
vide highly accurate quantum mechanical descriptions of molecular interactions, including complex many-
body effects. However, these methods are computationally expensive, often limiting their applicability to
small systems or short simulation times [14]. Hybrid methods, such as QM/MM (Quantum Mechanics/-
Molecular Mechanics), combine quantum mechanical accuracy with the efficiency of molecular mechanics
but are still limited by their computational cost, making them impractical for large-scale applications [35, 62].
Hybrid ML/MM (Machine Learning/Molecular Mechanics) approaches [32, 85, 91] and ML (Machine Learn-
ing) potentials [4, 6, 55, 79, 98, 106] also offer promising alternatives, as they can capture more detailed
interactions compared to classical MM, but they come with their own challenges, including computational
efficiency and the need to demonstrate that they are more competitive than state-of-the-art MM methods.
In contrast, molecular mechanics (MM) force fields [20, 39, 68], which are time-tested and well-studied, offer
a much more computationally efficient alternative, recovering many thermodynamic quantities with orders
of magnitude less compute than QM methods due to their simplified functional forms (e.g., Coulombic in-
teractions, low-order Taylor series expansions for bond and angle deviations, simple Fourier expansions
for periodic torsions, and Lennard-Jones potentials), the ease of parallelization (e.g., using neighbor lists,
unit cells, domain decomposition, and particle decomposition), GPU acceleration (e.g., OpenMM [25], Gro-
macs [107], NAMD [78], AMBER [13], timemachine [29]), and the comparatively low complexity of software
implementation, thanks to the diversity and accessibility of relevant open-source Pythonic libraries.

Despite their classical approximations, MM force fields have proven capable of accurately predicting
key molecular and molecular interaction thermodynamic properties, such as those relevant to ADMET and
potency (e.g., protein-ligand binding free energies, etc.), often within an accuracy of 1-2 kcal mol~! [18, 93].
This level of accuracy is still capable of significantly accelerating preclinical drug discovery [93], making MM
force fields a practical and effective choice for large-scale molecular screening and prioritization in drug
discovery campaigns [88].

Even modest improvements in binding affinity prediction accuracy can significantly increase the likeli-
hood of prioritizing more potent compounds for synthesis, thereby reducing time and costs for lead opti-
mization [93]. Motivated by the prospective benefits of increased accuracy, many efforts have been directed
towards improving the reliability of MM force field parameterizations to better reflect the energetics and
quantum mechanical properties of diverse datasets of biological and organic molecules [10, 45, 69]. The
expectation is that achieving a higher correlation between MM and QM energetics will improve the accuracy
of molecular property predictions when compared to experimental data [101].

The prospect of improved accuracy through data-driven approaches has driven the development of
neural MM force field parameterization approaches, such as Espaloma [100, 111] and other graph neural
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network-based models [16, 36, 92, 112]. These engines are enabled by the availability of efficient, open-
source, differentiable optimization libraries (e.g., PyTorch [3], JAX [12]) that support GPU acceleration, as
well as the growing availability of quantum mechanical datasets (e.g., QM9 [81], SPICE [24, 26]), which cover
a wide range of chemical space relevant to drug discovery.

Neural MM force field parameterization methodologies are particularly appealing for several reasons.
First, they provide a unified and generalizable approach to parameterizing diverse chemical spaces rele-
vant to drug discovery [111]. This overcomes the limitations of legacy methods, which required different
force fields for various types of biological molecules, such as carbohydrates (e.g., GROMOS [90]), lipids (e.g.,
Slipids [49]), and proteins (e.g., OPLS-AA [52] or CHARMM [116]). These inconsistencies led to challenges in
integrating different parameterizations into a single molecular dynamics engine, complicating simulations
and making it harder to ensure compatibility across different systems [68].

Furthermore, neural MM force field parameterization models eliminate the need for hand-crafted, expert-
guided discrete atom-type schemes typically used in legacy MM force fields. Instead, they employ continu-
ous embedding vectors to encode the local chemical environment of each atom. This data-driven approach
offers greater robustness, capturing subtle variations in chemical environments more effectively than tra-
ditional methods, thereby reducing reliance on potentially fallible domain expertise and intuition [111].

The espaloma model, in particular, initially saw remarkable success in its ability to fit MM force field pa-
rameters to reproduce QM energies on a variety of datasets [111]. Its consistent ability to achieve state-of-
the-art accuracy on matching QM energies in a subsequent study involving the more diverse SPICE [24, 26]
dataset demonstrated its robustness across chemical spaces. This success motivated an investigation into
the model's ability to recover biomolecular thermodynamic properties of condensed-phase matter, as it
applies to drug discovery, including protein-ligand binding affinity predictions and NMR spectra of pep-
tides [100]. Interestingly, while espaloma-0.3.2 [100] achieved competitive accuracy in comparison with
legacy force fields, namely ff14SB [64]/openff-2.1.0 [10], its inability to achieve a statistically significant im-
provement in small molecule binding free energies [100] highlighted an important point: improvements in
QM energy/force matching alone do not necessarily translate to improvements in accuracy with respect to
the relevant properties implicated drug discovery. This suggests that simply improving QM potential energy
fits may not be sufficient for enhancing practical predictive power in drug discovery contexts. It is an open
question as to whether the inability of MM potentials like espaloma-0.3.2 with improved accuracy to gas-
phase QM potentials are an inherent limitation of the MM functional form, an inability to accurately model
many-body QM interactions, or a failure in modeling the effective potential needed to accurately capture
omitted effects like quantum nuclear effects, which condensed-phase properties may provide information
about.

Nevertheless, accurate MM models built from large amounts of quantum chemical data such as espaloma-
0.3.2 are poised as a highly effective tool for enhancing the predictive power of MM-based modeling in
pharmaceutical research. Complementing the initial bottom-up, QM-fitting approach of espaloma with an
empirical, top-down fine-tuning with experimental data holds the potential to significantly enhance its accu-
racy. Indeed, refitting potentials to experimental data via automatic differentiation of physical models [31]
has already seen success in applications to a coarse-grained water model [102] and even implicit solvent-
based hydration free energy predictions [83]. Fine-tuning to experimental data is particularly important for
addressing the aforementioned limitations of quantum chemical data, which often fail to capture critical in-
teractions associated with condensed-phase thermodynamic properties [66]. Incorporating experimental
data like binding affinity and hydration free energy data into the training pipeline could enable espaloma to
achieve state-of-the-art performance in predicting experimental observables that are essential for preclini-
cal drug discovery [11, 15]. This key insight forms the foundation for our subsequent investigation.
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Figure 1. Our approach to rapidly fine-tune an existing espaloma “foundation model” employs a a fast, low-rank
perturbation to electrostatic parameters. An existing espaloma graph model for MM parameters (here, espaloma-
0.3.2), typically trained with large quantum chemical datasets of molecular energies and/or forces, provides an excellent
foundation for fine-tuning to further improve its accuracy on a specific or heterogeneous dataset, possibly of experi-
mental data. We adopt a rapid fine-tuning approach that uses a low-rank approximation to perturb the electrostatics
component of the model without needing to re-optimize all model parameters. Fine-tuning proceeds in sequential steps:
1. Pool atom embeddings: the dataset's embedding vectors h; from the foundation espaloma model are pooled into a
data matrix H. 2. Principal component analysis/truncate covariance: the covariance matrix X, of the data matrix H
is diagonalized and the first r principal component vectors are extracted as a truncated matrix Q,,,., of orthonormal prin-
cipal components. The cumulative variance as a function of the number of principal components is shown as an insert.
3. Change of basis: each h; is projected into the lower dimensional basis Q,,, yielding h;. 4. Electrostatic perturba-
tions: for each atom, the electrostatic parameter vector (e, s)” representing electronegativity and hardness, respectively,
is perturbed by projecting h, onto two parameterized vectors 6, and 6,. 5. Charge equilibration: the new atomic partial
charges g for each atom is recomputed using Charge equilibration (QEq).

2 Pretrained espaloma-0.3.2 “foundation” model serves as a baseline standard
for accuracy on the FreeSolv hydration free energy dataset, providing a basis

for potential enhancement through low-rank electrostatic fine-tuning
Here, we detail the methodology of the espaloma-0.3.2 foundation model and its performance in predicting
small-molecule hydration free energies from the FreeSolv [72] dataset using alchemical absolute hydration
free energy calculations. We hypothesize that these results suggest that fine-tuning espaloma with a subset
of experimental data could lead to enhanced prediction accuracy for hydration free energies.

2.1 The espaloma graph neural network (GNN) generates continuous atom embeddings

and MM parameters.
The espaloma foundation model operates in three stages [111] (see Figure 1, left):

1. Graph neural network embeddings: the espaloma GNN performs graph convolutions via message
passing, which annotates each atom with continuous atom embeddings h,, replacing rule-based atom
typing and preserving chemical symmetries. Each h, encodes molecular connectivity, hybridization,
element, and other chemical environment details into a single 512-dimensional real-valued vector.

2. Symmetry-preserving pooling: Subsequent embeddings for 2-, 3-, and 4-body terms are evaluated
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Figure 2. The espaloma-0.3.2 foundation model gives high correlation with experiment on the FreeSolv small
molecule hydration free energy benchmark, but leaves room for systematic improvement. (A) Absolute hydra-
tion free energy calculations transport small molecules from vacuum to water by alchemically coupling intermolecular
nonbonded interactions between small molecules and the water solvent. (B) Six representative molecules in the Free-
Solv dataset, which consists of 642 neutral small organic molecules. (C) The espaloma-0.3.2 foundation model's absolute
hydration free energy calculations correlate well with experimental hydration free energies. (D) Empirical cumulative
distribution function of absolute residuals between calculated and experimental hydration free energies.

by combining the h, vectors in a nonlinear, symmetry-preserving (i.e., reflection-invariant) fashion.
Notably, and a key focus of our investigation, one-body h, terms are bypassed directly to Stage 3.

3. Neural parameter assignment: The 1- 2-, 3-, and 4-body embeddings from stage 2 are passed to a
nonlinear neural network readout function (parameterized by @, ) to generate charge (electronega-
tivity parameters e, hardness parameters s), bond, angle, and torsion parameters, respectively.

Subsequently, the MM parameters and user-provided atomic position vectors are passed to a molecular
dynamics engine (timemachine [29], in our investigation) with a differentiable energy function to evaluate
energies and forces with respect to atomic position vectors. In this study, we specifically extract the potential
energies of trajectories to compute absolute hydration free energies.

To develop a broadly applicable, self-consistent MM forcefield for biomolecular modeling, a high-quality
gas-phase quantum chemical dataset was curated from QCArchive [97] in a previous publication [100]. This
dataset includes data from multiple sources, providing comprehensive coverage of relevant biomolecu-
lar chemistries. The components include: SPICE [24], OpenFF 1.x ("Parsley"), 2.x ("Sage"), and 3.x ("Rose-
mary") [108], PepConf [80]. In total, the datasets consist of over 1.18 million conformations across 17,427
unique molecules [100]. AM1-BCC ELF10 [47, 48] partial charges were computed using the OpenEye Toolk-
its [75] to train Espaloma on AM1-BCC quality charges. Quantum chemical energies were calculated using
the Open Force Field standard level of theory (B3LYP-D3BJ/DZVP [37]) with the Psi4 [105] quantum chemistry
package.

2.2 FreeSolv serves as a valuable dataset with which to assess the accuracy of the
espaloma-0.3.2 foundation model on hydration free energy predictions.

The FreeSolv dataset [72] is a curated collection of 642 neutral, organic molecules, many of which have
drug-like properties or moieties, making them highly relevant to preclinical drug discovery campaigns. It is
a critical resource for evaluating and refining MM force fields, particularly for hydration free energy calcu-
lations. By providing a curated set of experimental hydration free energies for small neutral molecules in
water, FreeSolv enables systematic benchmarking of computational methods, allowing researchers to as-
sess the accuracy and limitations of force fields in capturing solvation phenomena [21, 28, 41, 53, 82, 115].
Such benchmarking is essential for identifying discrepancies between calculated and experimental data,
which in turn informs the development of more robust and predictive force fields.
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Previous studies using various open-source force fields have demonstrated accuracies in hydration free
energy predictions ranging from approximately 2.1 to 1.5 kcal mol~!' [22, 23]. Given FreeSolv's diverse
chemical space and ample number of data points, we postulated that this dataset would be a strong can-
didate for fine-tuning espaloma-0.3.2, as it allows for meaningful partitioning into training and testing sets.
The dataset's comprehensiveness—offering annotated molecular structures and input files—facilitates re-
producibility and cross-method comparisons, making it particularly valuable for assessing the accuracy of
solute-solvent interactions encoded in molecular mechanics models. Furthermore, the emphasis on hydra-
tion free energies—a property that is both experimentally accessible but computationally challenging to
accurately predict—underscores FreeSolv's utility for evaluating the predictive accuracy of solvation mod-
els. The diverse set of molecules in FreeSolv also provides a statistically meaningful basis for assessing
the generalizability of force fields across a wide range of chemical environments, and enables the iterative
refinement of computational models.

2.3 Absolute hydration free energy calculations are performed with an alchemical 4D
decoupling strategy.

Furthermore, we pursue absolute hydration free energy predictions in this study because of their relative
ease of implementation and low computational effort to perform highly precise calculations as compared
to more complex systems (i.e., protein-ligand relative binding free energy calculations). In our approach,
a one-dimensional alchemical protocol is defined, transitioning from 4 = 0 - 1. At 4 = 0, the nonbonded
(i.e., electrostatic and steric) interactions of the small molecule are "decoupled" from the TIP3P [65] solvent
with a 4D lifting strategy [84]. As A increments from O to 1, a predefined protocol gradually shrinks the 4D
projection, and hence, the corresponding nonbonded interactions, from 1.2Ato 0 (fully coupled) at 4 = 1.
More explicitly, the radial "lifting" is applied to each alchemical (i.e., small-molecule atom) nonbonded term
(Lennard-Jones [60] and electrostatic, respectively) through the radial term via

12 6
_ 4 _ 4
Ui, 4) = e <(’|ift("s A)) <"|ift(” 1)) > M

q:q; erfcCrig(r, A)
4re, Piee(r, A)

fswitch (r’ A, rcut) (2)

g \3
(rnft(’»@) o
Feut

2

Uelectrostatic i A) =

fswitch(r’ A, rcut) = Cos

Pige(r, 4) = V12 + Aw(A)? (4)

where ¢, and g; are the charges of two particles, r is their Euclidean distance between two particles i and
j in R3, and Aw(J) is the difference between the corresponding particles’ fourth dimensional lifting coor-
dinate w(A). w(A) is a pre-defined linear spline in A (see Supplement). The electrostatic potential energy
U,ecrostatic iNCludes exclusively the direct space coulombic interaction with a multiplicative switching func-
tion fowiten(rs A, rr) that decays smoothly to zero at r, (see Eq. 3). The reciprocal space contribution is
omitted, as is convention with the timemachine library. r., is 12A, and interactions beyond r.,, are omitted.
Finally, only molecule-solvent interactions are lifted in the alchemical protocol, preserving the full steric and
electrostatic energetics of solvent-solvent and molecule-molecule interactions.

2.4 The espaloma-0.3.2 foundation model recovers adequate correlations with
small-molecule hydration free energies from the FreeSolv dataset with potential for
improvement via electrostatic fine-tuning.

Espaloma 0.3.2 [100] / TIP3P [50] demonstrates promising accuracy in hydration free energy predictions,

shown in Figure 2, though there remains significant potential for improvement. We hypothesize that the

observed errors in hydration free energy predictions stem from inaccurate modeling of the appropriate
amount of molecular polarization as molecules transition from vacuum to water [76, 84, 99, 99]. Since
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espaloma-0.3.2 was primarily trained on vacuum-phase quantum chemical (DFT) energies and AM1-BCC
partial charges, it likely does not fully capture condensed-phase polarization effects that manifest in modi-
fied partial atomic charges, contributing to the large observed root mean square error (RMSE). Additionally,
traditional MM force fields do not explicitly include many-body intermolecular interactions, likely causing
further deviations from experimental hydration free energies.

To mitigate the errors linked to poorly modeled polarization specifically, we propose fine-tuning the es-
paloma atomic partial charge model [100, 110, 112] by modifying the electronegativity (e) and hardness (s)
parameters based on a representative subset of the FreeSolv dataset [23]'s experimental hydration free
energies. We posit that empirically fine-tuning hydration free energies on a subset of experimental data
with representative coverage of chemical space across the full FreeSolv dataset [23] will afford improve-
ments in free energy predictions across the rest of the dataset. Fine-tuning the partial charge model is
relatively straightforward compared to adjusting steric parameters or many-body interactions, which are
more challenging to modify (see Discussion). This approach of charge fine-tuning, as opposed to more
intricate empirical fine-tuning of steric or many-body terms, can be incorporated into the model more read-
ily. A detailed discussion of these approaches, particularly the comparison between empirical fine-tuning
techniques and first-principles methods, will be presented in Discussion.

3 Low-rank electrostatic fine-tuning via Zwanzig reweighting and Charge
Equilibration (QEq) is an efficient route to fine-tune the espaloma-0.3.2
foundation model to experimental data

3.1 Fine-tuning uses atom embeddings to derive data-driven, low-rank perturbations to

electrostatic parameters, which modify atomic partial charges via Charge
Equilibration (QEq)

In line with our hypothesis that modifying atomic partial charges can enhance the accuracy of hydration

free energy predictions, we adopt a data-driven fine-tuning approach which leverages the intermediate

parameters generated by the foundation model, namely existing electrostatic parameters and atom em-

bedding vectors. This fine-tuning process, outlined as the "Fine-Tuning" step highlighted in blue in Figure 1,

proceeds as follows:

1. Pool atom embeddings. The atom embedding vectors h, € R™ (m = 512) generated by espaloma-0.3.2
are concatenated as separate columns into a data matrix H,,, = [h, ...,hn]mxn, implying n atoms total
in the full FreeSolv dataset.

2. Principal component analysis/truncate covariance. In order to find the r orthogonal directions
of highest variance in the dataset's atom embeddings, principal component analysis (PCA) is used to
diagonalize a data-derived covariance matrix, which is truncated at r principal component vectors as
follows:

T, = H— ) H— 1)~ Q0 %, QL (5)

nxm

where X, is the aforementioned covariance matrix, u, is the mean embedding vector, Q,,,, is the first r
orthogonal principal component vectors by column, and X, is the diagonal, truncated variance matrix
with corresponding variances o7 in descending order.

3. Change of basis: Each atom embedding vector h, € R™ is projected onto the low-rank basis set of
principal component vectors Q,,,. to recover the most distinguishing (maximally-variant) embedding
features. The low-rank embedding vector is given by

h,=Q"_h, (6)

4. Electrostatic perturbations: The low-rank embedding vectors h, are linearly transformed with a fine-
tuning model parameter matrix ©,,, to compute perturbations to the foundation model's electrostatic
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Figure 3. Single-shot model fine-tuning with effective sample size (ESS) regularization allows for parameter opti-
mization via reweighting whilst maintaining a small reweighting error and avoiding sample size collapse. In order
to fine-tune a model without requiring extensive re-simulation at updated parameter values, we develop a strategy to
prevent ESS collapse (and therefore maintain small reweighting error) during parameter fine-tuning. (A) Left: Optimiza-
tion of fine-tuning parameters ® on the loss surface (cartoon, color map with contour plot) should remain inside some
well-defined trust region (black circle) to avoid ESS size collapse for reweighted free energy estimates as model param-
eters are adjusted to fit training data. Right: free energy reweighting by optimizing model parameters @ necessarily
changes the probability density function of the conformation space of a representative small molecule, which can lead to
a collapse in ESS when reweighting the original simulation data to estimate free energies at updated model parameters.
(B) Left: Iterative changes in the probability density function upon reweighting cause the ESS of a molecule’'s sampled
conformations to fall as ® approaches the boundary of the trust region. Without ESS regularization (blue circles), ® may
move outside the trust region and sample size collapse ensues, which would require generating new simulation data to
continue reliable optimization. With ESS regularization (orange triangles), the ESS is restrained above some ESS thresh-
old (black dotted horizontal line), enabling reliable optimization progress in directions that do not immediately lead to
sample size collapse. Plot shown for FreeSolv molecule "mobley_1781152". Right: Optimizing the fine-tuning parameters
O to minimize training loss causes the magnitude of the free energy perturbation (blue/orange circles corresponding to
with and without ESS regularization, respectively) to increase as © (L2 norm shown in blue/orange triangles correspond-
ing to with and without ESS regularization) is perturbed from its initial zero matrix (at training iteration 1). (C) As the
ESS for reweighting collapses, the combined reweighting bias and error begins to increase rapidly beyond a critical ESS
threshold. We define the threshold for the acceptable mean total error using the original mean (taken over all molecules)
hydration free energy calculation BAR uncertainty (0.02 kcal mol~!). The upper 95% Cl of the total error envelope falls
below the error threshold near 500 samples (10% of all frames collected for each molecule from an original sample size
of 5000). (D) Optimization using ESS regularization affords more improvement in the residuals than optimization without
regularization, as can be seen from the empirical cumulative distribution function (CDF) of absolute free energy residu-
als of the Optimized/Reweighted (solid lines) train/test/validate data partitions using ESS regularization as compared to
that without (dashed lines). The original (unperturbed) free energy residual CDF is shown in dotted lines. Optimization
without regularization is terminated when a data point falls below the ESS threshold of 500 samples as calibrated from
panel C.
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parameters (e, s)7, (electronegativity and hardness, respectively). The full perturbation is given by

[e } - [3‘ +0, h 7)
s} S;
—0T —
0,,, = [_e;_} ©)

where 6, and 6, are learnable parameter vectors that perturb e and s, respectively.
5. Charge equilibration: Finally, the perturbed electrostatic parameters are passed to the charge equi-
libration (QEQ) [34] equation,
* o%—1
Q+Z+f_flsf 9)
S
which computes modified atomic partial charges 4* and ensuring that the total molecular charge Q
remains unperturbed. The relationship between fine-tuning model parameters © and g* can be made

more explicitly with

* EY x—1

q'=3q® (10)

where the dependence one, s, h;, and ¢, have been suppressed for clarity. Also, because of the linearity
of the e and s perturbations given by Eq. 7,

;O =0)=gq, (11)

where g, is the original espaloma-0.3.2 partial charge.

As a further clarification, the QEq equation defines the electronegativity and hardness as the first and
second derivatives of a fictitious (and conformation-independent) electostatic potential energy with re-
spect to atomic charge [112]. It represents a second-order Taylor series expansion of the electrostatic
energy with a Lagrange multiplier used to constrain the total molecular charge Q.

This fine-tuning mechanism is motivated by several key insights. First, we apply PCA to project the ex-
isting embedding vectors h, into a low-rank space, serving the dual purpose of dimensionality reduction
and feature extraction to identify the most relevant features of the dataset. This reduction helps minimize
parameters to 2r, which mitigates over-fitting, particularly with small datasets.

The perturbation procedure can be understood as finding electronegativity and hardness vectors 6, and
0, that align with the low-dimensional embedding vectors h, such that their inner products match the desired
perturbations to e and s. Notably, any h, vectors in the null space of ® will result in zero perturbation.

3.2 Fine-tuning electrostatic parameters employs efficient Zwanzig reweighting to
reduce the discrepancies between espaloma-0.3.2-derived hydration free energy
calculations and experimental free energies by recycling simulated data.

With the fine-tuning mechanism in hand, we seek a loss function to minimize with respect to our data

and the learnable parameters @ of our low-rank fine-tuned correction to the foundation model (Figure 1).

Since the objective of the investigation is to minimize the discrepancy between the experimental FreeSolv

hydration free energy data and the espaloma-0.3.2 / TIP3P hydration free energy predictions, we can define

a per-molecule (datapoint) discrepancy, or residual, as

5AGhyd(@) = AGE;Zt _ AG;?/';' reweight(®) (12)

where AGE;Z" is the experimental hydration free energy, AG;ay'dc' et @) is the calculated, ®-reweighted
hydration free energy. The latter quantity is defined as

AG (@) = AGES + AGH P (@) (13)

, Where AGﬁay'g is the espaloma-0.3.2 original (i.e., unperturbed) calculated hydration free energy and its

calc, pert

Zwanzig-reweighted perturbation [118] is given by AG

(©). From Eq. 5, the perturbation is with respect
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to modified small-molecule partial charges g7, but these are a function of ©, as explained in Eq. 7. More
explicitly,
AGcalc, pert(e) — —ﬁ_l In (exp (—ﬂ (Umol-env(x; Q) - Umol-enV(X; 0= 0))>>

hyd elec elec

(14)

X~exp (_ﬂUtotaI (0:0))

where Ugl“e‘i"e”"(x;@) is the total molecule-environment (i.e., TIP3P solvent for hydration free energies) elec-
trostatic potential energy (see Eq. 2) evaluated at a configuration x and perturbation parameters ©. The
first term in the exponential corresponds to the perturbed electrostatic potential whereas the second term
corresponds to the unperturbed (i.e., ® = 0, or espaloma-0.3.2 from Eq. 5) electrostatic potential energy.
The expectation in the Zwanzig reweighting equation is taken with respect to the molecular simulation
snapshots x drawn from a Boltzmann distribution given by the total potential energy Uy, (® = 0) in the
unperturbed regime. g = k,T, the thermal energy of the bath. All energies and configurations are implicitly
taken at the non-alchemical, fully-interacting 4 = 1 state.

Eqg. 14 implies that perturbations to the calculated (i.e., espaloma-0.3.2-derived) hydration free energies
AGﬁay'g can be performed in a one-shot manner. In other words, new molecular configurations x need not be
re-drawn from the Boltzmann distribution defined by perturbed partial charges ¢*(®) in order to compute
perturbed free energies, and consequently, hydration free energy residuals 6AG,4(®) from Eq. 12. Hence,
molecular conformations from the original espaloma-0.3.2 hydration free energy calculations (see Figure 2)
can be recycled to refitting molecular partial charges. Given that the most significant computational bottle-
neck in the entire process is the generation of uncorrelated equilibrium snapshots via molecular dynamics
simulation, one-shot refitting becomes a computationally efficient fine-tuning technique since orders of
magnitude fewer energy and gradient evaluations are needed for reweighting and optimization than for
this initial simulation to generate the snapshots.

3.3 Zwanzig reweighting of free energies via molecule-solvent electrostatic interactions
dramatically reduces the computational cost and memory footprint required to
perform fine-tuning

Since our perturbation mechanism exclusively perturbs the electrostatic potential energy of the molecule-
environemnt interactions (see Eq. 14), we may take advantage of the fact that the electrostatic potential
energy (see Eq. 2) is linear in the molecular partial charges to dramatically reduce the amount of data which
must be saved in the free energy calculation process for the fine-tuning procedure. Specifically, we need only
save to disk the electrostatic potential gt . (energy per charge, in kcal (mol charge)™!) of the environment on
each small-molecule atomic partial charge ¢* for each trajectory frame generated in the original hydration
free energy calculation process rather than the full frame, itself. More explicitly,

Nmol
Uget ™ (x:0) = 3 4] @), (15)
Nenv
1
¢§Inevc,i(x) = ; Z Uelectrostatic(rij» A = 1) (16)
P

where Eq. 15 corresponds to the total molecule-environment electrostatic potential energy on all N, small-
molecule atoms i and Eqg. 16 corresponds to the electrostatic potential on small-molecule atom i from all
environment atoms j within cutoff r.,=12A. Only Eq. 16 for each molecular partial charge i needs to be saved
to disk and loaded to memory rather than the entire N, -by-3 trajectory frame x. Eq. 15 can be computed
in the fine-tuning procedure on-the-fly as an inner product with the N, molecular partial charges ¢* in
linear time. This reduces the amount of data from the hydration free energy calculation that must be saved
to disk and loaded into memory from ~ 10** atomic position vectors to a single 1D array of ~ 10!-2 floats
per frame. Consequently, all FreeSolv data necessary for Zwanzig reweighting can easily be loaded into
memory for rapid fine-tuning.
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4 Effective sample size regularization of fine-tuning via Zwanzig reweighting
allows for electrostatic parameter refitting without the need to re-simulate
molecular conformations by steering optimization away from uncertain free
energy estimates.

4.1 Zwanzig reweighting changes the statistical weights of the data distribution, which
can cause unreliable free energy perturbation estimates when the effective sample
size becomes too small

The Zwanzig reweighting term AG:;';' reweigt @) from Eq. 13 facilitates efficient fine-tuning via the recycling
of pre-generated molecular conformations from the original espaloma-0.3.2 free energy calculations. How-
ever, Zwanzig reweighting has subtle limitations, creating an inherent trade-off between efficiency and both
bias and precision [94]. Specifically, as the same data are recycled to minimize Eq. 12 through reweighting,
the potential for erroneous optimization increases due to both high uncertainty and high bias in the esti-
mate of Afoy'g' rewelght @), This increased error can compromise the accuracy of the refitting procedure and
lead to unreliable results that do not generalize.

The cause of this higher free energy error is variance and bias accumulation, which is an inherent conse-
quence of reweighting [51, 94]. Specifically, each time a conformation is reweighted against a new reduced
potential energy surface (parameterized by @), its statistical "weight" or "importance" changes because
the likelihood of observing that conformation under the new probability distribution function is modified.
Reweighting adjusts the relative likelihood of observing each conformation to reflect changes in the poten-
tial energy landscape, which can either increase or decrease the effective representation of that conforma-
tion in the final statistical ensemble. As the '‘phase-space’ overlap (see Figure 3A, right), described in statis-
tical physics parlance, or the intersection between the original and new probability distributions decreases,
the variance in the free energy estimate increases [114]. The bias that accumulates upon reweighting is
a direct consequence of having only a finite number of conformations to compute the free energy, and
can introduce comparable order to the variance for this estimator [94]. This limited sample size reduces
estimate precision and leads to bias accumulation, as it restricts the diversity of sampled conformations,
making it difficult to fully capture the system'’s variability. As the potential energy surface changes, the sta-
tistical weight of each conformation is altered, effectively reducing the number of independent samples.
When this ‘effective’ sample size becomes too low, the Law of Large Numbers no longer holds, resulting in
finite sample size effects and increased bias. Therefore, reweighting introduces uncertainty that must be
carefully monitored and mitigated during fine-tuning.

4.2 Effective Sample Size (ESS) serves as a heuristic to monitor the reliability of a data
sample for Zwanzig reweighting of free energies.

One practical approach to maintain a suitably small free energy uncertainty for reliable fine-tuning is to
restrict optimization to a "trust region" in ®-space (see Figure 3A, left), wherein the uncertainty of the
reweighted free energy perturbation remains suitably small to ensure reliable results. While directly mon-
itoring the uncertainty of AG;‘;'dC' reweight o ensure localization of the optimizer within the "trust region", the
bootstrapping required is not well-suited for automatic differentiation protocols. Instead, we use a readily-
computable and differentiable proxy based on the data’s statistical weights, known as the effective sample
size (ESS) [61], to monitor the reliability of our free energy estimates. For each data point (i.e., trajectory
frame) x; of a single molecule, the ESS as a function of fine-tuning model parameters @ is given by

2
(ZX w©)
ESS(©) = ~——— (17)
2o wi(O)
w;(®) = exp (—f (UT*™(x;;0) - UTO*"(x,;0 = 0))) (18)

From Eq. 18, the (un-normalized) importance weight w,(®) of a data point is proportional to the expo-
nential of the electrostatic potential energy difference; the same term appears in Eq. 14. This is no surprise
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considering that Zwanzig reweighting is a type of importance sampling (IS) [103]. From Eq. 17, the ESS of N
samples can range from 1 to N (inclusively).

The effective sample size (ESS) is a commonly used heuristic for assessing the number of effectively

retained samples following statistical reweighting in the Monte Carlo literature [61]. Much like the free
energy uncertainty estimate, the ESS becomes unreliable in the regime of small sample sizes [54]. This
unreliability arises primarily due to increased variance and the higher likelihood of over-representing a
small subset of samples [8, 54]. In such cases, the effective number of statistically independent samples is
often overestimated, leading to inaccurate estimates of free energy differences.
Using ESS as a proxy for reweighted AGE‘;'dC' rewelht @) uncertainty to define a "trust region" in ©@-space
raises a natural question: what is an appropriate ESS threshold below which a molecule’s reweighted free
energy estimate can be considered unreliable? In other words, how should the ESS-derived "trust region"
boundary be defined?

4.3 Effective sample size regularization restrains optimization to a subspace of model
parameters to ensure reliable Zwanzig reweighting free energy estimates to enable
one-shot fine tuning.

To determine an appropriate ESS threshold to define a "trust region" boundary, a ESS-threshold calibration

was performed, as shown in Figure 3C. In the absence of prior knowledge regarding a suitable train/test/-

validation split or the optimal model rank r, a 50% train split was chosen with r = 5, corresponding roughly
to the 50th percentile of cumulative variance in the PCA eigenspectrum (see Figure 1 (insert)). The Broy-
den-Fletcher-Goldfarb-Shanno (BFGS) [30] algorithm minimized the ESS-unregularized loss function dur-
ing optimization of the fine-tuning parameters ©. For all the training molecules with final ESS values ex-
ceeding 2500 samples-a threshold chosen to prevent premature ESS collapse for too many molecules-
bootstrapping was performed on the AGE‘;'S' P across a range of bootstrap sizes spanning an ESS range
of ~10 to 5000. The total free energy perturbation error, which includes both the Zwanzig average uncer-
tainty 5AGE‘;'§' P and the bias relative to the non-bootstrapped AG;‘;'S' P was plotted as a function of the

ESS, shown in Figure 3C. To define the total AGy, e error threshold, the mean Bennett Acceptance Ratio

(BAR) [7] uncertainty from the original espaloma-0.3.2 absolute hydration free energy calculation 5AGﬁay'§

(0.02 kcal mol=!) was used. The corresponding ESS threshold was chosen where the upper 95% CI of the

free energy perturbation uncertainty falls below this aforementioned BAR uncertainty.

In order to penalize ESSs in the loss function that fall below 500 samples, we define a C*®, piecewise
flat-to-quadratic regularization function:

0 if ESS < ESS,
Regee(ESS) = , (19)
K(ESS — ESS,)> if ESS > ESS,

. k and a are hyper-parameters that determine the stiffness of the quadratic term and the horizontal onset
value of the ESS regularization. We found k& = 100 and a = 750 to be sufficient to avoid the ESS-monitored
early stopping. The ®-dependence of the ESS is suppressed for readability, but is defined by Eq. 17.

Incorporating the ESS-regularized §AGy,4 (i.e., residual between the experimental and reweighted free
energy given by Eq. 12) into a differentiable loss function for optimization of fine-tuning parameters @ gives
the total loss function:

Niotal Ntrain

L0SS©) = Y, Regess (ESS,(0) + —— 3 L; (6AGp,q,(®)) (20)
J

train i

L(s(x)=52< 1+(§)2—1> @1)
(22)

The first term in Eq. 20 represents the sum of the ESS penalties for all (i.e., train/test/validate) molecules
Jj. ESS regularization is applied to all molecules in the interest of avoiding sample size collapse among
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all molecules. The second term penalizes free energy residuals that deviate from zero in the training set,
weighted by the pseudo-Huber [46] loss function (i.e., Eq. 21). The pseudo-Huber loss is used in loss mini-
mization since it is C* for smooth BFGS optimization purposes and does not over-penalize large residuals,
as is the case with the L, loss. The latter point makes the pseudo-Huber loss robust to outliers. 5 was taken
tobe 1 k,T.

4.4 Fine-tuning with effective sample size (ESS) regularization outperforms
un-regularized fine-tuning while avoiding sample size collapse.

In order to compare and illustrate the behavior of ESS-regularized and un-regularized optimization, a sin-
gle training molecule’s training data were extracted as a trajectory, as seen in Figure 3B. On the left plot,
the ESS is monitored as a function of training iteration with (orange triangle) and without (blue circle). The
ESS remains above the calibrated threshold of 500 (from Figure 3C) with regularization for nearly 50 BFGS
training iteration; however, the un-regularized optimizer experiences an ESS collapse below the threshold
between training iteration 2 and 3. The ESS collapse of the un-regularized optimizer on the left panel is
a consequence of the relatively large perturbation of |AG;‘;'dc' Pet| between iteration 2 and 3 (blue dot). Al-

<@l Pert) ramains <2 kcal mol=! for all training iterations, demonstrating

hyd
that ESS regularization also curtails large free energy perturbations. Interestingly, |AG;ay'§' Pe| does not nec-

essarily correlate with the L, norm of © (orange), highlighting the nonlinear dependence of free energy
perturbations on the linear electrostatic perturbation scheme. In other words, relatively large perturba-
tions to individual electrostatic parameters does not necessarily correspond to large perturbations in the
reweighted free energy.

In order to rescue loss-minimization in the unregularized control case that would otherwise experience
ESS collapse as seen in Figure 3B, left, we imposed an early stopping when any molecule in any of the
data splits achieves an ESS of <500 samples. See Supplement for a pseudo-code implementation of the
optimization procedure.

Un-regularized refitting was compared to ESS-regularized refitting to assess whether ESS regularization
actually achieves a more accurate fine-tuning model. As shown in Figure 3D, un-regularized (dashed), and
ESS-regularized (solid) fine-tuning both improve accuracy (i.e., smaller free energy residuals) for all data
splits (train/validate/test in blue, orange, and green, respectively) compared to baseline (i.e., foundation
espaloma-0.3.2 free energy calculation) residuals (dotted). However, ESS-regularization consistently out-
perform those of the un-regularized controlled experiment in terms of accuracy, as seen from comparing
the cumulative distribution function (CDF) of errors (Figure 3D). Interestingly, the un-regularized CDF curves
tend to be consistent with each other, whereas the training ESS-regularized curve seems to separate from
the validate/test curves. Based on the ESS-regularized training cluster around the zero residual, it appears
that ESS-regularized optimization tends to over-fit compared to the un-regularized control. This is likely a
consequence of the fact that un-regularized optimization triggers the early stopping criterion before over-
fitting occurs. However, ESS-regularized optimization effectively restrains optimization to the "trust region"
without triggering early stopping. As such, the optimizer finds a local minimum that out-performs the un-
regularized control. Despite over-fitting to training data in the ESS-regularized case, we find that the ESS-
regularized fine-tuning model consistently out-performs the un-regularized control. This is likely because
the data distribution is sufficiently consistent across all splits. This affords consistent and generalizable, al-
beit less dramatic, improvements in validate/test residuals correlated with improvements in training resid-
uals. All refitting experiments were performed with a train/validate/test data split of 50/12.5/37.5% (since
all refitting experiments partition validate/test data in a 25/75% split of all non-training data). Fine-tuning
model rank r = 512 (i.e., no PCA) was chosen for ESS-regularization performance assessment as a default
since no a priori knowledge about optimal rank r is known without calibration. This critical parameter is
addressed in the following section.

ternatively, the ESS-regularized |AG,
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5 Electrostatic fine-tuning demonstrates improvements in reweighted hydration
free energy prediction accuracy with more training data and diminishing

improvements with larger model rank

To assess the accuracy of the fine-tuned model in predicting free energies on the FreeSolv dataset, we fo-
cus on determining two critical parameters. The first is the partitioning strategy of the dataset into training,
validation, and test subsets, with an emphasis on optimizing the size of the training set to determine the
amount of data needed for accuracy improvements. The second parameter is the rank r of the fine-tuning
model, which influences both dimensionality reduction and the number of parameters available for opti-
mization. We also investigate how the model rank affects the amount of data required to achieve improve-
ments in accuracy. All refitting experiments were performed with the ESS-regulated BFGS optimization and
early-stopping criteria described in the previous section.

5.1 Electrostatic fine-tuning improves the accuracy of reweighted hydration free energy
predictions with more training data.

As shown in Figure 4B,C, validation and testing root mean squared errors (RMSEs) improve most signifi-
cantly when increasing the training data split from 50% to 75% across all tested model ranks. While the
average improvement across all data splits is positive, with a net reduction in RMSE, the largest gains occur
between the 50% and 75% training data splits. Low-data regimes, involving 5% to 25% training data, also
exhibit clear improvements, but these are relatively modest compared to those observed in the 75% to 90%
training data ranges. Interestingly, the improvements in training data RMSE appear consistent across all
data splits but only begin to align with test and validation RMSEs in the 75% to 90% range. This suggests
that the optimizer tends to over-fit the training data in smaller and medium-sized data regimes.

This over-fitting trend is particularly evident in Figure 4A, where the Cramer-von Mises statistics reveal
large differences between the pre- and post-training training free energy residual CDFs (blue) as compared
to those of the validation (orange) and test (green) CDFs, at least up to the 75% to 90% training data split
plots. Specifically, the Cramer-von Mises [19] criterion measures the difference between pre- and post-
training CDFs for each data partition (see Figure 4D dotted and solid CDFs, respectively, as an example)
by quantifying the squared deviations across their entire range, providing a comprehensive assessment of
their similarity. The explicit equation is given by

- 2
W = /0 (Fposttrain 188Gy D) = Fpretrain(I8AGhyal)) ™ d Fyre train(18AGhyq)) 23)

where F is the CDF. Importantly, nearly all the CDF comparisons reject the null hypothesis (except for two
cases, marked with "x"s), with a significance level of 0.05. In this context, the null hypothesis assumes that
there is no significant difference between the free energy residual CDF pre- and post-training. However,
statistically significant improvements in RMSE for training partitions at a 5% split and validation partitions
at 90% splits (see Figure 4C,D first and last columns, respectively) are difficult to discern due to the relatively
small number of data points, which result in reduced statistical power and increased variability. This makes
it challenging to confidently detect differences or improvements in model performance, as evident from
the large error bars. This limitation is an inherent consequence of the data partitioning procedure for these
extremes.

5.2 Electrostatic fine-tuning delivers hydration free energy accuracy improvements that
diminish with model rank.

In Section 3, we hypothesized that a data-driven dimensionality reduction and fine-tuning model parame-
terization technique would mitigate the need for large model rank. Evidence from Figure 4B,C supports
this hypothesis to some extent, showing that while accuracy continues to improve with increasing model
rank r, the rate of improvement diminishes significantly. Focusing on the 5%-50% data splits in Figure 4A,
log-linear plots of model rank r against the Cramer-von Mises criteria reveal an increase in »* with r for
all data splits that diminishes around r,,, = 512. This flattening phenomenon is even more pronounced
in training RMSEs, where the benefit of increasing rank diminishes noticeably. For validation and test sets
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Figure 4. Fine-tuning experiments using a variety of training data splits and model sizes demonstrate improve-
ments in correlation with training data and diminishing returns with fine-tuning model rank. (A) Cramer-von
Mises criteria (w?) of Optimized/Reweighted vs baseline (unoptimized) absolute free energy residual empirical cumu-
lative distributions functions (CDFs) for a variety of training data and numbers of principal components show several
trends: (1) test/validate residuals gradually separate with more training data; (2) training sets tend to separate most
for all train data splits, especially for larger dimensional models; and (3) validate/test set separations tend to diminish
with larger models beyond 100 principal components. (B) Reductions in RMSEs of Optimized/Reweighted free energies
with respect to those of the foundation model (horizontal lines) show consistent improvement over all training splits and
model ranks. (C) Improvements in RMSEs between Optimized/Reweighted and baseline data also show larger improve-
ments with more training data and diminished improvements with larger model sizes. Training sets tend to overfit up
to 50% training data splits. (D) One representative absolute free energy residual emprical cdf plot (75% training data,
100 principal components) from which the aggregate statistics in panels A,B were calculated shows significant qualitative
improvement in the free energy residuals (solid lines) as compared to baselines (dotted). Model parameters © of this
optimization experiment correspond to the largest mean improvement in validation RMSE (0.82 kcal mol~') of all the ex-
periments with >100 test data points left after data partitioning (this precludes the experiments of the rightmost column
in panels A,B,C).
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Figure 5. Fine-tuned Optimized/Reweighted hydration free energies are highly consistent with Optimized/Recal-
culated hydration free energies and demonstrate statistically significant accuracy improvements over the foun-
dation model espaloma-0.3.2. (A) Correlation plot between Optimized/Reweighted free energies and Optimized/Res-
imulated free energies show RMSEs of 0.06 kcal mol~!, demonstrate agreement between Zwanzig reweighting used in
fine-tuning optimization and the Bennet Acceptance Ratio (BAR) [7], which was used in the free energy recalculation ex-
periments at optimized molecular partial charges. (B) Experimental vs calculated hydration free energy plots by dataset
show consistentimprovements in the Optimized/Resimulated calculations over the baseline foundation model espaloma-
0.3.2. (€C) Absolute hydration free energy residual CDFs for each data split and experiment show high agreement between
residuals of the Optimized/Resimulated (green) and Optimized/Reweighted (orange) data (consistent with panel A) and
reliable improvement over the baseline foundation model (green) in all data splits.

in the same regime, a more prominent plateau is evident at ranks exceeding approximately 100, as the
weighted square of the gap between original and optimized CDFs ceases to separate.

For RMSE improvements, the diminishing returns with larger model ranks are even more pronounced in
the validation and test datasets within the 5%-50% training split regimes. By contrast, in the 75%-90% data
split regimes, the Cramer-von Mises criteria (Figure 4A, ultimate and penultimate columns) exhibit a more
log-linear trend, although over-fitting becomes evident for ranks exceeding approximately 100. A similar
log-linear improvement is observed in RMSEs (Figure 4B,C, ultimate and penultimate columns), but again,
over-fitting is apparent at higher ranks. Importantly, no statistically significant improvements are observed
in test RMSEs with increased rank r.

The most dramatic improvement between pre- and post- fine-tuning validation RMSE for which >100
molecules (specifically 121) were present in the training partition was given by a 75% training data split with
rank r = 100. The corresponding absolute residual CDFs are shown in Figure 4D. Here, over-fitting is not
particularly dramatic, which is demonstrated by the relative overlapping of the train/validate/and test CDFs.
We further investigate the model parameters @ derived from this refitting experiment in the next section.

6 Optimally-fine-tuned hydration free energy predictions upon reweighting

consistently recover accurate re-simulated hydration free energies

To assess the validity and reproducibility of the Zwanzig-reweighted hydration free energies predicted by
the optimized fine-tuning parameters ® from Figure 4D, we re-simulated the FreeSolv dataset's hydration
free energies using atomic partial charges ¢* derived by the same fine-tuning parameters @ for comparison.
The decision to use these specific model parameters reflects a realistic experimental scenario where optimal
model parameters are determined based on the best test-blind validation accuracy improvements. The
decision also balanced the need to leave enough data points for testing, ensuring that prospective hydration
free energy predictions could achieve tight error bounds for statistical significance.
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Figure 5A shows the correlation plot of optimized/reweighted hydration free energy predictions against
re-simulated (recalculated) hydration free energies for all molecules in the FreeSolv dataset. The RMSE of
0.06 kcal mol=! highlights the precision of the reweighting procedure in recovering calculated free energies.

Figure 5B presents correlation plots comparing experimental hydration free energies to predictions
from the foundation model (espaloma-0.3.2, in blue) and recalculated, optimized predictions (in green) for
each data split. All splits show statistically significant improvements in RMSE and MUE compared to the
foundation model. While improvements for the training set are expected, the consistent reproducibility
and accuracy gains in the validation and testing sets are particularly noteworthy, underscoring their impor-
tance for reliable prospective predictions. The residual CDFs for original, reweighted, and recalculated free
energy predictions across the data splits are shown in Figure 5C (blue, orange, and green, respectively).
The high overlap between optimized/reweighted and resimulated free energy residual CDFs again demon-
strates the high correlation between the two prediction methods, which is corroborated by Figure 5A. The
improvements in the absolute residual CDFs of the optimized models over the foundation model also vali-
dates the qualitative improvements observed in Figure 5B.

The consistency between the optimized/reweighted and optimized/recalculated free energies, along
with their significant improvement over the foundational model, suggests several key takeaways. First, the
calibrated ESS threshold of 500 appears sufficiently large to mitigate the deleterious effects of finite sample
sizes in the Zwanzig-calculated free energies, resulting in agreement with the recalculated BAR estimator.
Additionally, ESS regularization does not seem to introduce bias in the reweighted free energy predictions
when compared to the recalculated predictions. A more detailed discussion of this potential concern is
provided later. Finally, improvements in free energy residuals for both weakly and strongly hydrating small
molecules in the test set (as shown in the rightmost plot in Figure 5B) suggest that the model trained on
the available data generalizes effectively to the test set, despite the sparse representation of strongly hy-
drating small molecules (shown in the leftmost plot in Figure 5B). This suggests that the fine-tuned model
demonstrates robustness not only for interpolation but also for extrapolation.

7 Discussion
7.1 Fine-Tuning molecule-environment electrostatics is especially suited to memory and
computational efficiency, though steric fine-tuning is feasible with some
considerations.
In this investigation, we focused our fine-tuning efforts exclusively on partial atomic charges, excluding
other terms such as the Lennard-Jones potential. This decision stems from the well-documented polariza-
tion deficiencies in most MM force fields, which are primarily due to the electrostatics model. Within the
space of 1-body terms available for fine-tuning in Class-I MM force fields, the only alternative is steric in-
teractions. In section 3, we mentioned that fine-tuning electrostatics is highly memory-efficient due to the
linear dependence of the electrostatic potential energy on atomic partial charges (see Egs. 15, 16). Indeed,
the Lennard-Jones functional form also admits a factorization with a linear dependence on ¢ and ¢ [73] un-
der Lorentz-Berthelot combining rules, making it similarly memory-efficient. However, the repulsive termin
Eq. 1 decays as r]% Consequently, we hypothesized that even small perturbations to the sigma or epsilon pa-
rameters in the Lennard-Jones potential would likely lead to significant decreases in the phase space overlap
of our hydrated small-molecules under investigation, thereby limiting the range of optimizable parameters
before ESS collapse, necessitating re-simulation.

7.2 Fine-Tuning is a flexible tool that is extensible to many-body terms in the MM
forcefield.

Fine-tuning many-body interactions, such as the bonds, angles, and torsional energetics of intra-ligand in-

teractions, is also feasible using our dimensionality reduction procedure highlighted in blue from Figure 1.

For 2-, 3-, and 4-body terms, we propose that an analogous data-driven dimensionality reduction and fine-

tuning approach is achievable. Rather than concatenating one-body atom embeddings into the data matrix

H, this approach requires using the bond, angle, and torsion embeddings generated during espaloma’s
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Stage 2 procedure [111]. This ensures that the many-body embeddings remain symmetric under rever-
sal of order. At this stage, an optimizable linear transformation can be applied to compute perturbations
to existing bonded parameters as was performed for the electrostatic parameters e and s. While not all
of these parameters are linear in potential energy, the computational and memory demands remain low
since the number of terms does not scale with the square of the number of particles, as is the case with
nonbonded interactions. Instead, the number of many-body terms is approximately linear in the number of
small-molecule atoms, requiring only saving the small molecule conformations from simulation trajectories
for refitting.

However, it is not immediately clear whether perturbations to many-body intramolecular energetics
would have a significant impact on free energy prediction accuracy. We speculate that this may be less pro-
nounced because the foundation model already fits intramolecular interactions on high quality QM calcula-
tions of molecules in the vacuum phase [100]. Consistent with the foundation model's adequate hydration
free energy prediction accuracy (see Figure 2), we hypothesize that intramolecular many-body effects are
already sufficiently captured by the important features of the QM data used to train the foundation model.

7.3 Fine-tuning is also extensible to discrete atom typing

While we deployed a fine-tuning procedure on an atom-type-free force field (i.e., espaloma-0.3.2), this ap-
proach is not strictly necessary. Most force fields include tabulated partial charges for different discrete
atom types or atom groups, which can be perturbed in a similar manner to our investigation as long as the
total charge constraint is respected. However, parsing partial charge assignment rules or data structures is
a cumbersome task that is best avoided in our experience.

Furthermore, discrete atom-typed force fields do not allow for embedding dimensionality reduction in
the same way as was pursued in this investigation. In the regime of discrete atom types, each atom em-
bedding can be considered as a one-hot encoding. Depending on the number of atom types—and there-
fore the number of parameters to fit—this could present an obstacle when refitting electrostatic models
to small datasets. However, if an atom-typing scheme existed where each atom is represented as a linear
combination of a set of predefined atom types, our standard dimensionality reduction procedure would be
applicable.

7.4 Linearized, perturbative fine-tuning is a parsimonious, efficient, and interpretable
method of parameter refitting.

In this investigation, our electrostatic fine-tuning model is linear in the learnable parameters ® and pertur-

bative to the foundation model. This approach was taken for several key reasons.

First, it is not immediately obvious that re-optimizing the entire espaloma-0.3.2 model, including the
atom embeddings, would be advantageous. We postulated that the foundation model’s atom embeddings
were sufficient to distinguish the relevant features of atomic chemical environments, making further re-
optimization unnecessary. Furthermore, the computational effort involved in refitting the entire model
(~ 1 H100 GPU day) is rather cumbersome, as is the memory footprint of the foundation model's QM data
(approximately 20 GB [100]).

Instead, we sought to perform a minimally invasive refitting procedure, with an interpretable modifi-
cation of the energetics for which error troubleshooting and diagnostic analysis would be feasible. This
necessitates model interpretability. As such, we developed a dimensionality reduction procedure for par-
simony and a comprehensible linear perturbation to the final outputs of the model. This ensures that the
modifications are understandable and their effects traceable, allowing for easier error diagnosis and mean-
ingful insights into model behavior. Additionally, this approach permits low computational effort (0.5-10
minutes for fine-tuning on an H100 GPU) and fast turnaround.

Furthermore, by restricting our fine-tuning to small electrostatic perturbations, we were able to achieve
state-of-the-art performance on our hydration free energy predictions without the need for regularization
against the foundation model's QM data. This was possible because the small electrostatic perturbations did
not deviate significantly from the original QM-derived parameters, thereby maintaining consistency without
requiring additional regularization.
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Finally, we sought to demonstrate that a fine-tuning apparatus of the foundation model need not be
built under the constraints of the software on which the foundation model was built. While the original
espaloma-0.3.2 model was built and trained with PyTorch [3], we built a lightweight JAX[12] implementation
for fine-tuning, which offers several benefits. JAX's NumPy [42]-like API, functional programming style, and
efficient support for automatic differentiation make it particularly well-suited for rapid experimentation and
optimization.

Altogether, we show that fine-tuning of foundation models can be lightweight, parsimonious, computa-
tionally efficient, and interpretable.

7.5 Effective sample size diagnostics for sample quality in Zwanzig-based reweighting is
useful but has several drawbacks that often require careful consideration.

In the previous section, we detailed the ESS-regularized fine-tuning procedure and the improvements in
predictive accuracy that it affords despite the over-fitting tendencies it has. As mentioned previously, ESS
is used as a convenient proxy for reweighted free energy prediction uncertainty caused by reduced phase
space overlap and finite sample size bias. It provides a measure of how well the sampled conformational
space represents the target distribution, making it particularly useful in indicating the reliability of free en-
ergy estimates. High ESS values suggest that the sample has sufficient effective independent information,
reducing the impact of biases due to correlations or insufficient sampling, thus providing a good gauge
for the robustness of reweighted predictions. However, while ESS is a particularly convenient proxy that
proved to be effective in regularization to restrain the parameter optimization to an appropriate trust re-
gion, there are several drawbacks of the ESS that are worth mentioning. High ESS can occasionally mask
structural problems in the target statistical ensemble under investigation. These problems include insuffi-
cient coverage of important regions of conformational space that become available upon reweighting to a
new probability distribution [61, 103]. High ESS may give the false impression that the sample is comprehen-
sive, even when crucial areas of the conformational space are not adequately represented. ESS is also sen-
sitive to outliers in the weight distribution, which can lead to over/underestimation of the true ESS in a finite
sample size regime [1]. Furthermore, ESS can experience significant bias in small sample sizes, which are
under-represented if samples are correlated (i.e., not i.i.d). Consequently, applications of ESS in the Monte
Carlo literature occasionally use Kullback-Leibler (KL) [56] divergence or the Geweke [9] diagnostic when
computationally tractable [103]. When this is not feasible, resampling and Leave-One-Out Cross-Validation
(LOO-CV) [113] are used to corroborate the ESS. Resampling methods help evaluate the stability of ESS by
repeatedly drawing subsets of data, while LOO-CV assesses the robustness of the model by systematically
leaving out each data point, ensuring that the ESS estimate is consistent across different sub-samples of
the data. The alternative methods, however, were overlooked in the interest of computational feasibility
and the need to efficiently perform autograd for loss minimization.

One other subtle pitfall of ESS regularization in the refitting procedure involves sample pruning. Specifi-
cally, we considered the possibility that minimizing a loss function with ESS regularization might, for a given
molecule, select a sub-ensemble of molecular conformations that consistently have high weights and small
free energy residuals. However, these conformations may lack sufficient coverage of the underlying proba-
bility distribution function, leading to an incomplete representation of the ensemble. This lack of coverage
can be problematic for the optimization process, as it may result in biased free energy estimates and re-
duced generalizability of the model. We anticipate this becomes more of a possibility as the flexibility of
the underlying fine-tuning model increases or the ESS threshold drops. Increased model flexibility can lead
to overfitting specific high-weight conformations, while a lower ESS threshold allows the model to rely on
fewer effective samples, both of which can exacerbate the issue of insufficient coverage of the conforma-
tional space.

In this study, the aforementioned pitfalls of ESS and ESS-regularized refitting were avoided to recover ac-
curate reweighted free energy estimates compared to re-simulation and experimental predictions (see Fig-
ure 5). We suspect this is a consequence of having used a rather conservative ESS threshold for regulariza-
tion (500 samples), which corresponded to a mean total reweighted free energy uncertainty of 0.02 kcal mol-!.
It is certainly possible that using a more aggressive reweighting strategy by reducing the ESS threshold fur-
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ther might afford even better hydration free energy predictions at the cost of slightly higher uncertainty.
We leave this to a future investigation.

7.6 Effective sample size regularization across all data splits is necessary to avoid sample
size collapse in validation and test sets and suits prospective molecular property
prediction

In Eqg. 20, ESS regularization is applied to all train, validation, and test data sets. It was mentioned that

this precaution was taken to avoid spurious free energy residual minimization upon sample size collapse

in the training data and to retain all possible test set predictions. We argue that using ESS regularization
across all data splits is an appropriate methodology that is consistent with and can be incorporated into the
computational molecular property prediction pipeline.

In computational molecular property prediction pipelines, one might imagine first collecting experimen-
tal data, then using an existing foundation force field to perform simulations and subsequent predictions
(e.g., hydration free energy predictions). Then molecules with the best properties (e.g., hydration free en-
ergies, binding affinities, ADME properties) are selected for synthesis and assay. However, since synthesis
and assay times are not consistent for all molecules, data streaming ensues. Asynchronously, assay data
may be integrated into the pool of training data, simulated at the most recently fine-tuned force field model,
and fine-tuned on-the-fly for subsequent property predictions on newly recommended molecules. Impor-
tantly, ESS regularization avoids loss of property prediction accuracy on test molecules, meaning there is
no need to introduce a re-simulation bottleneck on prospective molecules. In fact, any molecules for which
simulation data exist at any force field can be reweighted to the most recent fine-tuned model to inform
downstream synthesis and validation through assaying. Hence, ESS regularization on the test set is ad-
visable to avoid deterioration of prospective molecular property predictions and increase the efficiency of
molecular property optimization.

8 Conclusion

In this investigation, we demonstrate that fine-tuning the espaloma-0.3.2 foundation charge model to re-
fit experimental hydration free energies using a low-rank, Zwanzig-reweighting scheme achieves state-of-
the-art accuracy among MM force fields. This approach utilizes data-driven dimensionality reduction of
atomic embeddings and linear perturbation of foundation-model electrostatic parameters, resulting in a
parsimonious and interpretable refitting procedure. Perturbed electrostatic parameters are used to recom-
pute small-molecule atomic partial charges via the QEq scheme, maintaining the total molecular charge
while perturbing the molecule-solvent electrostatic potential energy. By focusing solely on perturbing the
molecule-solvent electrostatic potential energy, we present a data- and compute-efficient methodology that
effectively minimizes the residual between experimental free energies and those computed from the foun-
dation model.

Zwanzig reweighting of foundation-model absolute hydration free energy-derived molecular electro-
static potentials, combined with effective sample size (ESS) regularization, provides an efficient means to
optimize fine-tuning electrostatic parameters without the need for re-simulating molecular conformations.
Specifically, ESS regularization restrains the fine-tuning model parameter space to a trust region of reliably
reweighted free energies, mitigating the risk of catastrophic sample size collapse. By preventing erroneous
minimization into unreliable regions of parameter space, ESS regularization preserves the model’s predic-
tive capacity and avoids premature early stopping of the optimization procedure.

Our results consistently show that fine-tuning improves free energy accuracy, with some noteworthy
trends. The accuracy improvement is most dramatic in the 75%-90% training split regime, where the model
benefits from sufficient data for optimization. However, accuracy improvements diminish with larger fine-
tuning model ranks, particularly in the small data regime, suggesting that increased model complexity does
not yield significant accuracy gains beyond a model rank of ~ 100.

Predicted hydration free energies via optimally fine-tuned Zwanzig reweighting show a high correlation
with the re-simulated absolute hydration at the same optimized model parameters, ®. One-shot Zwanzig
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reweighting proves to be a robust and accurate methodology that is statistically indistinguishable from
the more computationally intensive method of re-simulating free energies at optimized parameters. This
demonstrates that Zwanzig reweighting provides a highly efficient alternative to traditional re-simulation
approaches while maintaining accuracy.

Such a lightweight fine-tuning procedure is likely extensible to other reliable experimental datasets that
can be accompanied by calculated predictions, such as protein-ligand binding free energies for preclinical
drug discovery. We also anticipate that the one-shot fine-tuning strategy will extend to a broader class
of molecular potentials, including polarizable models and neural network potentials. By leveraging this
approach, potential parameters can be refined efficiently, improving the accuracy of predictions in drug and
material discovery applications, where precise modeling of molecular interactions is crucial for identifying
promising candidates and chemical matter with novel properties.
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. A Supporting Information

> A.1 Code Availability

s The Python, C++, and CUDA code used to perform hydration free energy experiments and fine-tuning in
4 this paper is distributed open source under Apache License, Version 2.0 at https://github.com /dominicrufa/
s timemachine as a fork from https://github.com/proteneer/timemachine. Core dependencies include PyTorch
¢ 2.0.0 [77], Deep Graph Library 0.6.0 [109], the Open Force Field Toolkit 0.11.2 [67], JAX 0.4.30 [12], and
7 timemachine [117].

8 The submission scripts and notebooks associated with data generation, analysis, and visualization are
o found at https://github.com/dominicrufa/timemachine/tree/master/data
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Figure S 6. 4D coupling protocol w(4) as a function of 4. A = 0 corresponds to the decoupled state wherein the
small molecule is non-interacting with TIP3P solvent as the 4-dimensional decoupling dimension is equal to rcy. The
4-dimensional distance shrinks as 4 progresses to 1, where no interactions are lifted.

o A.2 Detailed Methods

1 MM force field implementation

1 Bond, angle, and proper torsion parameters for FreeSolv small molecules were generated from the espaloma-
1 0.3.2foundation model and passed to the appropriate timemachine [117] energy/force evaluation functions.
1 Openff-2.1.0 ("Sage") [27] improper torsions were used to replace espaloma-0.3.2 impropers due to conflict-
15 ing conventions in atom ordering.

1 FreeSolv hydration free energy calculation protocol

v To compute hydration free energies for the FreeSolv dataset [67], we used a modified version of the protocol
18 described in [70].

19 Neutral molecules were solvated with TIP3P water [50] in cubical boxes of width 4nm. Hydrogen Mass
2 Repartitioning [44] was implemented between all heavy atoms and hydrogens by subtracting 2 amus from
a1 the former and adding to the latter.

2 A palindromic BAOAB Langevin integrator [57-59] was used with a friction coefficient of 1 ps~! and a
23 timestep of 2.5 fs. A Monte Carlo Barostat at a temperature of 300 K and a pressure of 1.013 bar was used
2« which alternated with MD steps.

2 Lambda independent dynamics were used to evaluate free energies between 2 = 0 and 1 using Ben-
» nett Acceptance Ratio (BAR) differences between adjacent windows. Each window ran 5000 frames (at 400
27 timesteps per frame saving frequency) preceded by 10,000 equilibration timesteps with 48 A windows. The
s lifting term, w(4), in Eq. 4 is given by Figure 6, which is a pre-calibrated coupling schedule

» A.3 Fine-Tuning by Zwanzig reweighting

s Algorithm 1 describes the ESS monitoring procedure of BFGS optimization associated with the grid of ESS-
a1 regularized, Zwanzig-reweighted fine-tuning refitting experiments in Figure 7. gtol is the default value set
2 byscipy.optimize.minimize withmethod = ’BFGS’.
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Figure S 7. Full empirical CDFs of each ESS-regularized, Zwanzig-reweighted fine-tuning experiment The aggre-
gated RMSD and Cramer-von Mises statistics for each fine-tuning experiment are computed from the CDFs shown above.
Training fractions and the number of PCs are depicted as graph titles above each plot. The number of data points pre-
and post- optimization for each data partition that satisfy the ESS criterion are shown. Importantly, ESS regularization
retains all data points in every partition for all experiments. The rightmost column (i.e., 512 principal components) did
not include the change-of-base procedure from Eq. 6 since the dimension of each embedding is already of dimension
512 (i.e., rmay)
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Algorithm 1 BFGS optimization with effective sample size (ESS) monitoring

1: Input: Initial parameters 0, ESS threshold ESS, = 500, gradient tolerance gtol

2: for iterationinrange(1, 1001) do > Maximum 1000 steps
3: ©’ — BFGS(Loss(0)) > Compute updated parameters using BFGS optimization
4: ESSS.in < compute ESSs of training set at @’
5: ESSSiest < compute ESSs of test set at @’
6: ESSs,, < compute ESSs of validation set at @’
7: if any(ESSS;rain» ESSStests ESSS,a) < ESS, then
8: return © > Stop and return current parameters (ESS too low)
9: else if |[VLoss(®)| < gtol then
10: return @’ > Stop and return optimized parameters (convergence reached)
11 end if
12 00 > Update parameters

13: end for
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