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Abstract

Despite recent advances in protein-ligand structure prediction, deep learning
methods remain limited in their ability to accurately predict binding affinities,
particularly for novel protein targets dissimilar from the training set. In contrast,
physics-based binding free energy calculations offer high accuracy across chem-
ical space but are computationally prohibitive for large-scale screening. We pro-
pose a hybrid approach that approximates the accuracy of physics-based methods
by training target-specific neural networks on molecular dynamics simulations of
the protein in complex with random small molecules. Our method uses force
matching to learn an implicit free energy landscape of ligand binding for each tar-
get. Evaluated on six proteins, our approach achieves competitive virtual screen-
ing performance using 100-500 ps of MD simulations per target. Notably, this
approach achieves state-of-the-art early enrichment when using the true pose for
active compounds. These results highlight the potential of physics-informed learn-
ing for virtual screening on novel targets. We publicly release the code for this
paper at https://github.com/molecularmodelinglab/1fm under the MIT
license.

1 Introduction

Finding small molecule ligands that bind to a protein target is a critical step in early-stage drug dis-
covery. However, this objective can be extremely challenging and expensive — the typical approach
is to run a high-throughput screen (HTS), which can take months to set up and cost millions of
dollars [[16]. Identifying true binders faster and more cheaply is a major goal of computational drug
discovery.

Traditionally, the challenge of predicting protein-ligand binding affinities is separated into two tasks:
docking and scoring. Docking algorithms propose 3D binding poses of a ligand within a protein’s
binding site, while scoring functions estimate the binding affinity of a given pose. While much recent
progress has been made in the area of docking [[13] 4} 56], scoring has lagged behind [58] 53], [10].
This is the primary reason for the unreliability of structure-based virtual screening (SBVS), wherein
ligands from a large library are ranked according to their predicted binding affinity, and the top-
scoring hits are chosen for experimental characterization. More recently, generative modeling has
emerged as a potential alternative to SBVS; however, generative models are still typically evaluated
and/or fine-tuned according to inaccurate scoring functions such as AutoDock Vina [51} 411 [39].

The difficulty of scoring arises from both data limitations and fundamental trade-offs in exist-
ing approaches. ML-based scoring functions often suffer from overfitting due to the scarcity of
high-quality binding affinity data [58, 53]. On the other hand, physics-based methods exhibit a
speed-accuracy trade-off: rigorous absolute binding free energy (ABFE) simulations provide accu-
rate affinity estimates but require extensive computational resources, often taking many hours per
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Figure 1: Method overview. a) For a particular protein target, we start by placing random small
molecules in the binding site. For each ligand, we run an MD simulation of the protein-ligand
complex, keeping the ligand atoms frozen relative to the binding site. We record the positions
and intermolecular forces of the ligand atoms. b) Using this dataset, we train a neural network to
approximate this binding PMF of the protein-ligand complex using force matching. c) In a virtual
screen, we use this neural network to approximate the free energy of protein-ligand binding by
subtracting the PMF of the ligand outside the binding site from the PMF of the docked ligand.

molecule even on GPUSI[7, 124, 5]. In contrast, traditional fast scoring functions, such as those used
by Vina and Glide [23], offer rapid predictions but are often unreliable, failing to achieve robust
enrichment in virtual screening tasks [10, 32, 44].

Developing scoring methods that generalize beyond the available training data is especially im-
portant for the next generation of drugs. Recent advances in drug discovery have expanded in-
terest beyond the traditional druggable proteome, targeting intrinsically disordered proteins [43],
protein-protein interactions [38], and RNA tertiary structures [12] as promising avenues for next-
generation therapeutics. The ability to ef ciently identify small-molecule binders for these novel
targets could greatly accelerate the development of new treatments. These novel target classes rep-
resent a formidable yet rewarding challenge for screening methods, as no current methodology can
reliably nd binders for such targets.

In this work, we propose combining the advantages of physics-based and machine learning models
for protein-ligand scoring. Instead of trying to train a general binding af nity predictor to work on

all protein targets, we seek to train a new model for each protein target of interest. We create a
custom training set for each protein by running molecular dynamics (MD) simulations of random
small molecules inside the binding site. We then use force matching to train a neural network on the
free energy landscape of ligand binding. We emphasize that this approach requires no experimental
data for the target in question except for its 3D structure (which can be estimated using structure-
prediction methods such as AlphaFold [30]). We name this work ow ligand force matching (LFM).

2 Method

2.1 Overview

Invoking the Born-Oppenheimer approximation [9], a receptor-ligand system can be speci ed by
the positions of the receptor atomsg; xhe ligand atoms x, and the solvent atomssx Throughout

this paper, we use a coordinate system de ned by the rigid-body alignment of the binding site
carbons to a reference structure. At equilibrium, these positions follow the Boltzmann distribution:
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Here U is the potential energy of the system and R;LT is the Boltzmann factor. In practice, we
can approximate U with a fast and easily-evaluated sum of nonbonded and bonded energy terms.

When scoring protein-ligand complexes, we desire to predict the binding free energyuifg =
Ghound G unbound The free energy G for a particular state is de ned:

z
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Here is the set of either all bound or all unbound poses, depending on the free energy in question.

The integral in this equation is computationally intractable, as protein-ligand systems can easily ex-
ceed 10K atoms. In practice, we can approximateyifaing by sampling from many intermediate
systems wherein the energy terms corresponding to the protein-ligand interactions are slowly atten-
uated; the nal free energy is the work done during this transformation. This is the approach taken
by ABFE protocols such as double decoupling [26] and the alchemical transfer method [57]. As
mentioned above, such algorithms are accurate but slow.

As an alternative approach, we can condition G on the ligand coordinateJ kis results in the
binding potential of mean force (PMF).
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As its name implies, the force this potential generates on the ligand atoms is equal to the ensemble
average of the ligand forces from the full potential U.
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Estimating the full G pinding IS much easier if we have access tppg, as it already integrates over
the majority of the degrees of freedom. We can additionally quickly approximate the full free energy
difference as the difference betweegnpgs of a single bound and unbound ligand pose.

While Gpye is still intractable to compute directly, we can easily estimate the forces F =
r x. Gpwr Via a single MD simulation.

In standard molecular mechanics force elds, U can be split into the ligand-ligand and ligand-
environment components U(xXg;Xs) = U (X ) + U e (XL;XR;Xs). U (x) is easy to
calculate, so, in practice, we want to estimate the intermolecular BME = Gpve U 1L,
utilizing the intermolecular forces.

We desire a model that can quickly approxim&gye; this should be able to generalize to new
ligands but is speci c to the current target in question. We do this by generating a dataset D =
(xL;a.; F) of random small molecules in random positions across the binding site. Herarea
nonbonded parameters [ ; ; q] needed to specify the Lennard-Jones and Coulombic energies for the
force eld.

Finally, we train a neural network f to approximaépMF (up to a constant) by minimizing the
force-matching loss [54]:

Le = 1 s fxora) p? (5)

This loss function has previously been used to train coarse-grained and implicit solvent force elds
[15, 31].

When using the trained model in practice, we only want to evaluate the model on “reasonable”
poses given to it by the docking program (that are presumably relatively low-energy), as well as
poses outside the binding site (to subtract off the PMF in solvent). Therefore, when generating data,
we only need to sample such reasonable poses, while ensuring that we sample along a path between
the center of the binding site and somewhere outside. We describe one such method below.



2.2 Data generation

We begin by running a 100 ns MD simulation of the target receptor to produce an ensemble of
conformations. We then compute the “exit poing xde ned as a point close to the pocket center
thatis at least ¢ (here A9 away from any receptor atom. We assume that a molecule centered at this
exit point is far enough away from the receptor that its interactions are negligible. We then generate
each datapoint as follows:

We sample a random ligand from the ZINC database [48]. We select a pose for this ligand by rst
generating a conformer with RDKit [1]. We then uniformly sample a point x between the pocket
center and the exit point. We then place the center of mass of the ligand according to a normal
distribution centered at x and with standard deviatipn(here 6A). The ligand is rotated randomly
around this position.

We then select a random apo protein conformation (with solvent) from its MD trajectory. The ligand
is placed in the pocket according to the position speci ed above. The ligand now likely has steric
clashes with the protein and solvent. Additionally, the ligand is likely in an unreasonable pose that
will not help training. To rectify these two problems, we run a short (100 ps) MD simulation of the
complex, slowly adding the interaction terms between the ligand and its environment according to
a soft-core alchemical potential [8] de ned by the sterics interaction teyrand the electrostatics

term .. We rstdrive s from 0to 1 over 90 ps and then drivg from 0 to 1 over the remaining 10

ps. Additionally, we ensure that the center of mass of the ligand remains close to its starting position
via a harmonic restraint (k= 10 kJ mbl nm?2 ). Thus, by the end of this alchemical simulation, all
steric clashes should be removed. Additionally, the ligand is now in a more energetically favorable
conformation while its center of mass is still in the relatively same position.

Now that we have a ligand position that meets our criteria, we run the nal simulation for 4 ns

to determine the mean force on the ligand atoms. During this simulation, we freeze the ligand
atoms. Additionally, to ensure that the ligand remains in the same place relative to the protein
binding site, we restrain the protein atoms using a harmonic force between the pocket atoms and the
reference pocket atoms, projected so that it only affects the target's rigid-body degrees of freedom
(see Appendix A.4).

During the simulation, we log the intramolecular forces acting on the ligand atoms every 10 ps. We
compute the nal mean force after the equilibration time (here, 2.5 ns).

All data in this paper was generated via OpenMM [21] with the Amber ff14SB [34] and Espaloma
[55] force elds.

2.3 Model Architecture and Training

To predict the PMF, our model needs to have embeddings for both the ligand atom features and the
position of the atoms within the binding site. Note that this task is not invariant with respect to the
ligand coordinates, so a purely equivariant architecture will not work.

To create the ligand atom embedding,hwe utilize an MLP over the atom parameters a. The
ligand coordinate embedding is done via cubic spline interpolation over uniformly spaced 3D
grids. We de ne several such grids with various spacings and hidden dimensions. We use
torch-cubic-spline-grids [3] to de ne an embedding for each atom over each grid. The -

nal ligand coordinate embedding is an MLP over the concatenated grid embeddings for each atom.

The nal combined embeddingchs an MLP over the concatenated ligand embeddings, coordinate
embeddings, and the multiplication of the two embeddings.

These embeddings are then fed into an equivariant transformer from TorchMDNet [50]. The nal
energy is the sum of individual atom energies.

We train the model with force matching. In addition to just the force-matching loss, we also include
the mean-squared-error loss for the force on the ligand center of maasd torque of the ligand
center of mass . This is done because we care more about the relative PMFs of the ligand in
different positions. The nal lossisthus L = Lg + (Lg + 1L+ . In this paper, we use

r =10,  =50:0,and ; =5:0.



Figure 2: Results from the in-house virtual screen with BRD4. We could not nd 5 of the compounds
in the collection, so they were not tested; of the three that were tested, none were found to bind.

2.4 Model use

To score a docked ligand, we rst compute the total energy (intramolecular energy + model energy
f(x)) for each docked pose. We select the minimum energy pose and compute the nal score as
G pinding T(X) f(x solv)- Here, X is the ligand outside the binding site. (To compute this, we
re-center the ligand at the exit point de ned during data generation.)

This approximation of binding af nity assumes a rigid ligand and therefore neglects the ligand reor-
ganization energy of binding. A more accurate (albeit slower) approximation would be to explicitly
compute the free energy between the solvated and bound structures, e.g., by using the alchemical
transfer method [57] over the PMF. We leave this to future work.

3 Results

3.1 BRDA4 virtual screening

We rst tried this method on the well-studied cancer target BRD4, utilizing an older variant of
the dataset generation (outlined in Appendix A.3) to generate 50K datapoints. After achieving
promising results on retrospective data (shown below), we used our model to screen a 170K in-
house library and selected the top-predicted binders for experimental validation.

As seen in Figure 2, two of the top ten compounds selected are known BRD4 binders. Encour-
aged, we elected to test the remaining 8 for BRD4 binding via Isothermal Calorimetry (ITC). Un-
fortunately, we were only able to acquire 3 of the compounds from the library; of these, none
demonstrated measurable binding af nity. Thus, though we failed to discover novel binders, we did
rediscover two known BRD4 binders.

3.2 Benchmarking on all targets

We additionally tried this method on 5 other targets (MCL1, ESR1, MDM2, CDK2, and HSP90). We
chose these targets for a combination of factors, namely their small size (enabling faster and cheaper
MD simulations) and their large and diverse number of known binders, both with and without co-
crystal structures (enabling us to robustly test virtual screening performance).

For each protein, we compiled a set of protein-ligand cocrystal structures from the PLINDER [20]
dataset. We chose an arbitrary structure to initialize our method from this set, along with a set of
aligned ligands with 3D poses. We also searched ChEMBL [25] for known binders and selected
a diverse subset of small molecules with known activity but no known binding pose. Finally, we
generated up to 50 property-matched decoys for each active molecule, following the example of
DUD-E [37]. Our primary evaluation metric is the ability of LFM to distinguish known binders
from these decoys, ideally with high early enrichment.



Figure 3: Each benchmarking target used in this study, co-crystallized with a representative ligand.
For each target, we show the distribution of LFM scores for actives and decoys docked with DIFF-

Dock, as well as the co-crystal structures of the actives with known structure. In general, the scores
of the docked actives are lower than the docked decoys, showcasing the value of the LFM models
for virtual screening. We see a more dramatic score shift for the co-crystallized active molecules,
showcasing the pose-dependence of the LFM models.

We ran the LFM work ow for each protein, ensuring that no molecule used for training the model
was within 0.3 Tanimoto similarity coef cient to any known binder from ChEMBL (2048-bit, radius

4 Morgan ngerprint [36]). This enables us to robustly test the ability of our method to generalize
across chemical space. We generated 25K-60K datapoints per target, utilizing the cloud resources of
VastAl [2]. We split the dataset into 80:10:10 train:validation:test sets. This amounts to 100-500 ps
of training MD simulation time per protein, for a cost of around $1K each. We trained each model
for up to 300 epochs on an NVIDIA L40 GPU, saving the model that achieved the best validation
mean force loss. We used the AdamW [33] optimizer with a learning rate bf.10

None of these targets is especially novel, meaning that traditional screening methods are likely to
work adequately well on them already. We would ideally like to test our method on targets that
are out-of-domain for current methods. However, by their nature, novel targets lack large numbers
of diverse binders that can robustly allow us to test the performance of this method retrospectively.
Thus, we leave the evaluation of LFM on novel target classes to future prospective studies.

We used both Uni-Dock [59] and DiIFFDock-L [14, 13] to dock the binders and decoys for each
target. Uni-Dock implements a faster GPU-enabled version of the algorithm used by Vina. DIFF-
Dock has demonstrated improved docking accuracy relative to traditional methods such as Vina. It
should perform especially well on these well-studied targets since it was trained on all of them. The
use of these two docking methods will demonstrate how improved docking performance impacts the
performance of scoring models.
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