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Jon Paul Janet?, Xiaoyun Wang? and Alessandro Tibo®"

Abstract

Generative models based on diffusion and flow matching have recently been applied to structure-based drug design,

but their outputs often include unrealistic protein—ligand interactions that do not obey the laws of physics. We present

an energy guidance framework that incorporates a molecular mechanics force field (MMFF94) directly into the sampling
process. The method steers molecular generation toward more physically plausible and energetically stable conformations
without retraining the underlying model. We evaluate this approach using two state-of-the-art architectures, SemlaFlow,

a flow matching model and EDM, a diffusion model, on the PDBBInd dataset. Across both models, energy guidance improves
enthalpic interaction energy, improves strain energy by up to 75%, and generates over 1000 ligands with better docking
scores than native ligands. These results demonstrate that lightweight, physics-based guidance can significantly enhance
generative drug design while preserving chemical validity and diversity.

Scientific contribution We introduce a novel, training-free force field guidance framework that steers ligand genera-
tion using empirical molecular mechanics (e.g.,, MMFF94) during diffusion or flow-based sampling-without modify-
ing or retraining the base generative model (e.g., EDM or Semflaflow by [24]). Our method operates as a plug-in
during inference time, leveraging energy feedback to generate poses with lower strain and having better predicted
interactions with the protein structure.

Our main contributions are as follows:

- Energy-based guidance without retraining: Unlike methods that require gradients from neural affinity predictors (e,
BADGER [26]), our approach injects classical force field feedback (MMFF94) directly during the posterior sampling step.

+ Improved docking and strain metrics: In benchmarks against unconditional EDM and Semflaflow, our guided
inference yields consistently better AutoDock Vina scores and lower ligand strain energy, even after optimizing
the final structures using the same force field.

Compatibility and flexibility: Because the guidance module is external, it can be applied broadly to multiple gen-
erative backbones-without retraining or architecture modifications, and can be applied to arbitrary differentiable
potential energy functions.

- Theoretical guarantee of stability. We demonstrate in Appendix B that the gradient correction step corresponds
to a descent step on the energy under standard smoothness assumptions. While the full sampling update also includes
model-driven (and, in the diffusion case, stochastic) components, this result formalizes how the guidance term locally
biases the trajectory toward lower-energy regions and provides a principled justification for its stabilizing effect.

Keywords Structure-based drug design, Protein-ligand generation, Diffusion models, Flow matching, Guidance,
Force fields, Chemoinformatics
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Introduction

Structure-based drug design (SBDD) plays a central role
in modern drug discovery [3], focusing on the design
and optimization of ligand molecules that exhibit strong
enthalpic interaction energy to a specific protein recep-
tor site informed by an experimentally observed or
predicted 3D structure of the target. By leveraging the
three-dimensional structural information of target pro-
teins, SBDD enables the rational design of compounds
that bind tightly to the target structure, for example via
formation of specific interactions with amino acids in
the target structure [16] (for example, hydrogen bonds)
or occupying hydrophobic pockets resulting in the dis-
placement of energetically unfavorable waters [1]. SBDD
is traditionally achieved using molecular docking [17],
that is using physics-inspired approaches that attempt to
position a given molecule in the most favorable position
relative to a static target structure and then predict the
potential strength of the interaction via a combination
of favorable specific interactions while (ideally) account-
ing for the energetic strain of the ligand molecule when
adopting the proposed binding conformation. These
docking programs typically incorporate force fields,
parameterized potential energy surfaces for atomic sys-
tems that are used to estimate both the strength of inter-
actions between proteins and ligands as well as the strain
of the ligand.

Recent advances in “3D generation methods” lever-
aging diffusion or flow matching methods now allow
machine learning models to create binding poses [14]
or directly design potential binders conditioned on a
provided target structure in a purely data-driven man-
ner. This last category is particularly attractive as these
models can potentially directly propose ligands that are
complementary to the given target, eliminating the need
for an additional ligand search strategies and profiling of
potentially millions of ligands to find binders. However,
many groups [11, 20, 29, 37] have identified that the poses
generated by these methods often fail rudimentary sanity
checks relating to physically achievable bond distances
and angles, fail to make meaningful interactions with the
targets or are simply nonphysically strained geometries.
While improvements over the initial generation of such
models have been made [15], to produce physically rea-
sonable geometries it remains standard practice to mini-
mize the proposed geometries with respect to a classical
force field after generation.

Related work

Guided Diffusion and flow matching models

In recent years, diffusion and flow matching models have
gained significant popularity and demonstrated strong
generative capabilities across diverse domains such as
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text-to-image generation [34, 36], natural language pro-
cessing [4], and molecular design for drug discovery [23,
24]. The original formulation of the diffusion and flow
matching models support only unconditional generation.
However, recent developments have introduced mecha-
nisms to guide the generation process towards desired
outputs. Two foundational approaches in this direction
are classifier-guided diffusion and classifier-free guided
diffusion.

In classifier-guided diffusion, an external classifier is
trained separately to predict the target category from
a given sample [45]. During inference, at each diffusion
step, the gradient of the classifier’s output with respect
to the current sample is computed and added to the pre-
dicted noise estimate. In contrast, classifier-free guidance
does not require a separate classifier. Instead, the diffu-
sion model is jointly trained on both conditional and
unconditional data [21]. At inference time, guidance is
applied by taking a weighted combination of the condi-
tional and unconditional noise predictions. A scaling fac-
tor controls the strength of the conditioning, allowing
for flexible adjustment of the generation process with-
out relying on external models. Both methods discussed
above are primarily designed for categorical condition-
ing, with classifier-free guidance also supporting text
embeddings. However, these approaches are insufficient
for our setting, where the conditioning variable is contin-
uous in nature—for example, a molecular force field.

Another line of work extends the conditioning frame-
work to the continuous regime by training the model to
directly learn the gradient of the log-conditional den-
sity, Vy, log p(x; | y) [6], where x; denotes the generated
sample at time ¢ and y the desiderata label. An alterna-
tive approach adopts a reinforcement learning paradigm,
reformulating the iterative denoising process of a diffu-
sion model as a multi-step Markov Decision Process
(MDP). In this framework, policy gradient methods are
applied to optimize the sampling trajectory such that the
generated samples maximize a task-specific reward, such
as human feedback [8, 47].

Although the two approaches above support continu-
ous conditioning variables, they still require retraining
the diffusion model for each new conditioning input. This
limitation becomes particularly restrictive in structure-
based drug design (SBDD), where different stages of a
project or entirely different projects may involve varying
conditioning inputs. The need to retrain the model for
each new application is both time-consuming and com-
putationally expensive.

In line with trends in molecular generation, recent work
in protein conformation generation increasingly incor-
porates guidance and conditioning during both train-
ing and sampling. One prominent example is the work
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by [43], which adopts a two-stage learning approach to
guide the diffusion process not only toward the data dis-
tribution but toward distributions that respect physical
laws, specifically the Boltzmann distribution describing
equilibrium states of physical systems. In the first stage,
a baseline diffusion model is trained using classifier-free
guidance, where sequence information processed via
precomputed representations from ESMFold serves as
the conditioning variable for the conditional score model.
In the second stage, the trained diffusion model is used
to compute an intermediate force, which is then used to
train an intermediate force network. At inference time,
this force network is applied at each diffusion step to
compute force vectors that guide updates to the transla-
tional components of the protein conformation.

Similar to the approaches discussed previously, this
framework requires a full retraining and reformulation
of the guidance network when a different guidance objec-
tive is introduced. In agile structure-based drug design
(SBDD) settings, it is often necessary to rapidly modify
guidance parameters or incorporate new, domain-spe-
cific physical constraints. While the proposed framework
is powerful and novel in its incorporation of molecular
dynamics—based energy guidance, it may be less suit-
able as a plug-and-play solution for efficiently exploring
diverse physical guidance objectives.

A related line of work is represented by RFdiffusion,
adopts a more comprehensive conditioning framework
that supports multiple types of constraints, including
symmetry specification, motif scaffolding, binding tar-
get interactions, and topology-constrained design [44].
For symmetry specification, conditioning is applied at
inference time by transforming the initial random frames
using symmetry operations . Symmetry is then pre-
served throughout the denoising trajectory by explicitly
re-symmetrizing the structure at each denoising step.
In contrast, the remaining conditioning modalities are
incorporated during training. Motif scaffolding is imple-
mented by masking motifs to keep them fixed during
training, after which their three-dimensional coordinates
are directly provided as input to guide scaffold generation
at inference time. Conditioning on binding target interac-
tions and topology-constrained design, however, requires
fine-tuning the model on dedicated datasets, such as tar-
get protein—complex structures and block-adjacency rep-
resentations that define the desired protein fold.

Despite its comprehensiveness and the ability to inject
conditioning at inference time, the conditioning mecha-
nisms in this framework are deeply integrated into the
model’s learned representations and architecture. As a
result, it remains distinct from the guidance paradigm
introduced in this work, where guidance objectives are
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implemented as plug-and-play, modular scorers that
steer the sampling process externally.

An approach that is closely related to the current guid-
ance paradigm is ExEnDiff, which similarly focuses on
augmenting the sampling process with guidance infor-
mation while keeping the training workflow intact [31].
Specifically, the paper uses a set of experimental meas-
ures computed based on the conformations by leveraging
a manifold constraint sampling technique. At inference
time, a corrective potential term is added to the original
score function, derived by numerically approximating the
gradient of the log-likelihood of the measurement given
the noisy sample. This enables flexible integration of vari-
ous types of continuous guidance information, without
the need to retrain the diffusion model. It is important
to note that the current formulation is derived based on
the diffusion framework and is tightly coupled with the
score function. The flow matching model, however, does
not explicitly learn the score function as such, but instead
models the vector field that defines the probability
path from a source distribution to a target distribution.
Hence, the framework introduced in this paper cannot be
directly applied to flow matching models as our proposed
framework would.

In the following sections, we describe the molecular
generation task and detail the specific form of condition-
ing used in this work: differentiable molecular force field
descriptors. We then introduce our proposed method—
an adaptation of classifier-guided diffusion—that enables
flexible integration of differentiable conditioning signals
during sampling, without requiring retraining of the dif-
fusion model nor the descriptors.

Molecular force fields

A molecular force field is a set of mathematical functions
and parameters used to estimate the potential energy
of a system of atoms based on their positions. Force
fields are central to methods like molecular mechan-
ics (MM) and molecular dynamics (MD) simulations.
Over the years, various force fields have been developed
for different applications—among the most prominent
are AMBER [13], CHARMM [10], MMFEF94 [19], and
UFF [35]. AMBER and CHARMM are primarily tailored
for large biomolecular systems such as proteins, peptides,
and their interactions with ligands. While they offer high
accuracy, their computational cost can be significant due
to complex parameterization. This will become a major
bottleneck in the current guidance framework where
the force field evaluations need to be performed repeat-
edly during the denoising process. On the other hand,
MMFF94 and UFF are designed for small, drug-like
molecules and are much faster. However, UFF tends to
be overly generic and is the least accurate among them,
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while MMFF94 shows a better balance between speed
and accuracy, though it is traditionally limited to intra-
ligand interactions [27]. In this work, we therefore rely on
MMFF9%4, which we extend by conditioning it on the pro-
tein pocket. We provide a GPU implementation that ena-
bles fast and differentiable interaction modeling, making
it suitable for integration into diffusion and flow match-
ing sampling workflows.

Methods

In this section, we present a strategy for enhancing
molecular sampling from flow matching and diffusion
models guided by a chemo-physics score—specifically,
the MMFF94 force field [19]. Importantly, our method
does not require any fine-tuning of the pretrained diffu-
sion model; instead, we act solely at inference time. This
allows for a flexible integration of domain-specific knowl-
edge without compromising the generality of the learned
generative process.

We denote with A the molecular space, whose ele-
ments are molecules X € X, each represented as a graph
X = (V,E), where V is the set of nodes (atoms) and
E C V x V is the set of edges (bonds). Each node v € V
corresponds to an atom and is represented as a 3-tuple:

v = (xa,c), (1)

where x € R3 denotes the 3D spatial coordinate of the
atom, a is the atom type, and c is the formal charge. Note
that both a and ¢ are categorical variables. Each edge
e = (v;,vj)) € E corresponds to a bond between atoms
v; and v; and is associated with a bond type attribute by,
which in our setting can be one of: single, double, triple,
or aromatic.

In addition to molecules, we model proteins (pock-
ets) using a simpler representation. Unlike molecules,
proteins are often provided as PDB files where explicit
bond information is typically not included and must be
inferred. Therefore, denoting the protein space as ), each
protein Y € Y is represented as a set of nodes v € V, fol-
lowing the same semantic framework as in Eq. 1. It is
important to note that, throughout this paper, we do not
distinguish between separate spaces for proteins and pro-
tein pockets, as the latter are regarded as a subset of the
atoms comprising the original protein.
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Conditional flow matching

Conditional flow matching [2, 28, 30] is a generative
framework that directly models a continuous-time trans-
port map between the noise distribution and the data
distribution via an ordinary differential equation (ODE).
A conditional flow matching defines a time-dependent
conditional probability distribution py1(- | z = (X1, X0)),
where X; € X and Xy ~ po|1 are a molecule and a sam-
ple drawn from a prior distribution pg1, respectively. A
common choice for py1, in the case of continuous vari-
ables [28], is a Gaussian distribution centered at the lin-
ear interpolation X; = tX7 + (1 — £)Xp with a constant
standard deviation. From this conditional distribution,
the conditional vector field u(- | £,z = (X1,Xp)) can be
analytically derived as

u(- | t,z) = X3 — Xo. (2)

We model the vector field in using a neural network para-
metrized by a set of weights 6, up : [0,1] x X — X, and
train it to reconstruct the vector field defined in Eq. 2.
Instead of training the model to predict X; — Xo, we can
train up to reconstruct clean data X; from noisy inputs
X; [12, 40], and subsequently recover the underlying vec-
tor field. For instance, in the continuous setting, the fol-
lowing identity holds [24]:

1
X1 —Xo = :(Xl — Xp). (3)

To enable the generation of molecules that bind to pro-
tein targets, we extend the vector field ug to incorporate
conditioning on a protein pocket Y € ). We therefore
redefine the neural network as

up 1 [0,11x X xY — X, (4)

where ) denotes the space of protein pockets. To gen-
erate novel molecular samples, the vector field uy is
integrated using a standard ODE solver. A basic Euler
integration scheme is presented in Algorithm 1. As the
backbone architecture, we adopt SemlaFlow [24], aug-
mented to support conditioning on protein pockets.
Details of this extension are provided in Section Protein
conditioning.
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Algorithm 1 Conditional Flow Matching Sampling
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Require: Number of steps 7', learned vector field ug, prior py;, protein Y.

1: Initialize Xo ~ poj1, AT = %
2: fori=0toT —1do

3 t=1-AT

4 X1 = up(t, X4, Y)

5: v = ﬁ(Xl — Xf)

6 Xt+AT:Xt+AT"U

7. end for
8: return X;

Diffusion models
Alternatively to conditional flow matching models, diffu-
sion models [22] are another class of generative models
that learn to sample complex data distributions by learn-
ing to reverse a process that adds noise to the data. For
clarity and consistency throughout the paper, we slightly
depart from the standard notation commonly used in
diffusion models by introducing a relabeling function,
T(t) = LT 1- tﬂ, where { . W is the round to nearest inte-
ger operator, ¢ € [0, 1] denotes the normalized time and T
is the total number of time steps. With this convention,
we denote the clean sample as X; (1) and the noisy sample
as X (o). Note that this remains consistent with the typi-
cal diffusion model notation, where X;(1) = Xo (clean)
and X; () = Xt (noisy). This choice aligns with the flow
matching notation introduced in "Methods" section, ena-
bling a unified presentation across both paradigms. Dif-
fusion models consist of two steps: forward and reverse
processes. In the forward process, a sample from the data
distribution is progressively perturbed by adding noise,
eventually mapping it to a simple known prior distribu-
tion p (o) (e.g., Gaussian noise for continuous data). The
reverse process is then learned via a neural network that
gradually denoises the sample, reconstructing a data
point from the noise.

Formally, given a data point X; (1), the forward process
defines a Markov chain of T steps:

Xeq) = Xea—ar) = - = Xe(0)s (5)

where AT = 1/T and X (o) ~ pr(o) for sufficiently large
T. The reverse process is modeled by a neural network
Py, parameterized by weights 6, and can be formulated in
several equivalent ways: by directly estimating X;+a1)
from X [39], by predicting the noise added at each
step [22], or by predicting the original clean sample
Xz [33]. For convenience, we adopt the latter formula-
tion, i.e., modeling

PoXz ) | Xey)s (6)

as it enables direct computation of molecular energy at
each step based on the current estimate of the original
structure. Additionally, we extend our model to condition
on proteins, resulting in modeling

PoXzy | Xeey, Y- (7)

As the backbone architecture, we adopt EDM [23], aug-
mented to support conditioning on protein pockets (see
"Protein conditioning” section for the details). The sam-
pling procedure is depicted in Algorithm 2. COMPUTE-
PosTERIOR allows to samples X aT) given )A(T(l) and
Xz(t)» More details about COMPUTEPOSTERIOR can be
found in Appendix A.
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Algorithm 2 Diffusion Model Sampling
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Require: Number of steps T', learned denoiser py (as Equation 7), prior p, (o), protein

Y
: Initialize X o) ~ pr(0)
:fori=0toT —1do
t=1i-AT

X:@+ar) = COMPUTEPOSTERIOR (X (1), X7 (1))

. end for

1
2
3: A
4 Xy ~pe(Xry | Xe), Y)
5
6
7. return X (q)

Protein conditioning

For our diffusion and flow matching models, we adopt
SemlaFlow [24] and the Equivariant Diffusion Model
(EDM) [23], both extended to support protein condi-
tioning. In this section, we describe the key architectural
modifications introduced to enable conditioning on pro-
tein structures, particularly focusing on changes to the
model layers.

Let us consider two tensors, x € R”*? and y € R"*4,
with dimensions m x d and n x d, respectively. Here, x
and y represent the feature vectors at any layer associated
with ligand and protein atoms, respectively. The condi-
tioning is applied within the attention layer, and its core
idea can be summarized as follows:

Xi — Xj Xi — Jk
X =x + ——Piny + ———Yiny,
o anl«—xjn zk:Hxi_J’kH
®)

where the right-hand summation (highlighted in blue) in
Eq. 8 represents the protein conditioning we introduced.
The functions, ¢i,, and ¥, are learnable mappings
applied to invariant features, such as atom and bond

types.

Energy guidance

In the context of molecular generation, both diffusion
models and flow matching have been leveraged to learn
distributions over molecular graphs or 3D structures.
However, these models are often trained solely on data
likelihood objectives, potentially ignoring important
physical or chemical properties that govern molecular
stability. Our method addresses this gap by incorporat-
ing a chemo-physics score (MMFF94) into the inference
process, biasing the generation towards physically plau-
sible and energetically favorable molecules. Furthermore,
we extended the two non-bonded interaction terms of
MMFF94—van der Waals and electrostatic interactions—
to account for the protein used to condition the genera-
tions. Formally, we denote the extended MMFF9%4 with

a function mapping a protein and molecule into a real
value number, E : X x )Y — R, defined as

E(X,Y) = MMFF94(X) + E,qw (X, Y) + Eq(X, Y),
)
where the terms E,;w (X,Y) and Eg(X,Y) model the
Van der Waals and electrostatic interactions between a
ligand X and a protein Y. Atom types are automatically
assigned by RDKit using the MMFF94 parameterization
scheme and are not inferred in a protein-specific man-
ner. Even though MMFF94 is not a force field designed
for proteins; however, we consider an extracted model
system and treat it as such. We do not apply any charge
modifications to the input structure. Protein charges
are assigned using Schrodinger’s PrepWizard, and these
charges are preserved during truncation. We do not per-
form any cutoffs; this is simply a reimplementation of
MMFF94 in which PyTorch is used to perform gradient
descent. Aside from gradient normalization, no addi-
tional form of regularization is applied. The implementa-
tion of MMFF94(X) follows the original formulation [19]
and reproduces the same outputs as the RDKit imple-
mentation. The implementation is available at https://
github.com/MolecularAl/TorchMMFF%4. E is then used
to steer the generation of the molecules towards regions
with lower energies. To this end, we modified Algo-
rithms 1 and 2 by incorporating an additional gradient-
based term, scaled by a hyperparameter A > 0 which
governs the contribution of the gradient to the over-
all objective (see Algorithms 3 and 4, respectively). As
shown in Appendix B, when /1 is chosen below 2/L (with
L denoting the local Lipschitz constant of V(E o f)), the
gradient-guided correction corresponds to a descent step
on the energy under standard smoothness assumptions.
In the full sampler, this correction is combined with
model-driven updates (and stochasticity in the diffusion
case), so a strict per-step decrease of the total energy is
not guaranteed; however, the guidance term consistently
biases updates toward lower-energy configurations.
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Algorithm 3 Conditional Flow Matching Sampling with Energy Guidance
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Require: Number of steps 7', learned vector field ug (as Equation 4), prior py,

protein Y, energy function E, A > 0.
1: Initialize Xo ~ po1, AT = %
2: fori=0toT —1do
4 X1 =up(t, X,,Y)
5: v = %(Xl — Xt)

60  Xepar =X, + AT -v—A\Vyx, E(X,,Y)

7. end for
8: return X,

Algorithm 4 Diffusion Model Sampling with Energy Guidance

Require: Number of steps 7', learned denoiser py (as Equation 7), prior p, (g, protein

Y, energy function E, A > 0.
: Initialize X7 () ~ pr(o)
:fori=0toT —1do
t=1i-AT

X, (t4a1) = COMPUTEPOSTERIOR(X , (1), X7 (1)) — AV, B(X,(1).Y)

. end for

1
2
3
. Xy ~pe(Xry | Xe), Y)
5
6
7: return XT(I)

7 (1)

Experiments

Dataset

We use PDBBind [42] as our benchmark to demonstrate
the quality of the generated ligands binding to proteins.
PDBBind contains 19,443 protein—ligand complexes.
From this dataset, we exclude 144 complexes to form
our test set. These test pairs have no receptor overlap
with the training set and are selected identically to
those used in DiftDock [14] (i.e., timesplit test
no_rec_overlap in the DiftDock repository). While
there has been some disagreement regarding the test
set chosen by the authors of DiffDock (see, e.g., [25]),
our objective here is not docking but rather the genera-
tion of novel molecules within protein pockets. There-
fore, this test set is suitable for our purposes.

We apply a series of preprocessing steps to the data-
set using the Schrodinger suite [38]. First, we identify
the protein associated with each ligand based on the
distance between ligand and protein atoms. Next, we
use Schrodinger’s PrepWizard to prepare both the pro-
tein and the ligand, correcting geometries and assign-
ing appropriate protonation states. After preparation,
we recompute the docking score using Glide. If the
complex successfully passes through the entire pipeline

and receives a negative Glide score, we retain the pair;
otherwise, it is discarded. The final training set consists
of 18,990 protein-ligand pairs, and the test set includes
140 pairs. Although Schrodinger Glide [18] is a com-
mercial software package, we release the code neces-
sary to reproduce our preprocessing pipeline. However,
running it will require a valid Schrédinger license.

Following [46], for each protein we extract a binding
pocket by selecting all residues that have at least one
atom within 3.5A of the native ligand and contain more
than 10 atoms in total.

Experimental setup

We evaluated our energy guidance method using two
state-of-the-art generative models for molecular design:
SemlaFlow [24], a flow matching-based generative
model, and EDM [23], an equivariant diffusion model.
Both models were initially pretrained on the Geom-
Drugs dataset [5], which contains approximately 37 mil-
lion molecular conformations across more than 450,000
unique small molecules. Notably, this dataset does not
include any protein structures. We adopted the default
hyperparameters as reported in the respective original
publications. Following pretraining, we fine-tuned each
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Table 1 Vina and Glide docking score evaluation for SemlaFlow

Method VR<0 GR <0 Vs GS

No guidance 47.00% 19.41% 3.04 —4.45
Guidance 64.25% 56.61% —4.20 -4.81
No guidance + Opt 64.98% 53.85% —4.23 —5.21
Guidance + Opt 65.59% 59.06% -5.21 -5.03

VR < 0 denotes negative vina score ratio, GR < 0 denotes negative docking score
ratio, VS denotes the average Vina score in kcal/mol, and GS denotes the average
Glide score in kcal/mol

model on protein-ligand complexes from the PDBBind
dataset, using the protein-ligand pair representation
described in Section Dataset. For each protein pocket in
the test set (140 targets in total), we generated 128 can-
didate ligands per model. To comprehensively assess the
quality of the generated ligands, we employed a suite of
evaluation metrics encompassing enthalpic interaction
energy, chemical validity, drug-likeness, intermolecular
interactions, and conformational strain:

+ Glide Score: Estimated binding affinities computed
using Schrodinger’s Glide, a widely used commer-
cial docking software. Glide employs a physics-based
scoring function that combines molecular mechanics
with empirical terms, accounting for van der Waals
interactions, electrostatics, ligand strain, hydropho-
bic enclosure, hydrogen bonding, desolvation effects,
and other force-field-derived contributions. Its scor-
ing function is optimized to balance computational
efficiency with predictive accuracy, making it suitable
for high-throughput virtual screening and lead opti-
mization [18].

+ Vina Score: An alternative open-source binding affin-
ities estimation method. Vina employs an empiri-
cal scoring function that estimates ligand-protein
binding based on steric complementarity, hydrogen
bonding, hydrophobic interactions, and torsional
flexibility penalties [41]. While its energy model is
less detailed than Glide’s physics-based scoring, Vina

Table 2 Quality metrics for SemlaFlow
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score remains a standard benchmark in molecular
docking studies.

+ QED (Quantitative Estimate of Drug-likeness): A
scalar score ranging from 0 to 1 that quantifies how
drug-like a molecule is, with higher values indi-
cating more favorable properties. QED integrates
multiple physicochemical descriptors commonly
associated with approved oral drugs, including
molecular weight, lipophilicity (logP), number of
hydrogen bond donors and acceptors, polar surface
area, number of rotatable bonds, presence of struc-
tural alerts, and the number of aromatic rings [7].

+ PoseBuster Ratio (PBR): The proportion of generated
ligands that pass all PoseBuster quality checks, serv-
ing as a proxy for structural and chemical plausibil-
ity [11].

+ Better-Than-Native Count (BNC): The number of
generated ligands achieving a better (ie., lower)
docking score than the corresponding native ligand.

« Validity: The percentage of generated molecules that
are both syntactically correct (i.e., can be parsed
into molecular graphs) and chemically interpretable.
Validity is assessed using cheminformatics tools such
as RDKit, which ensures that molecules can be suc-
cessfully parsed from SMILES representations and
can initialize a force field object (e.g., MMFF94).

+ Number of Interactions: The number of hydrogen
bonds formed between the generated ligands and
protein, computed using the prolif library [9].

Table 3 Vina and Glide docking score evaluation for EDM

Method VR<0 GR <0 Vs GS

No guidance 64.26% 20.84% 1.01 -5.16
Guidance 68.45% 39.49% —243 -5.19
No guidance + Opt 72.81% 35.23% —243 —4.92
Guidance + Opt 74.45% 47.96% -4.05 -4.76

VR < 0 denotes negative vina score ratio, GR < 0 denotes negative docking score
ratio, VS denotes the average Vina score in kcal/mol, and GS denotes the average
Glide score in kcal/mol

Method QED PBR BNC Valid # Interactions Strain Energy
No guidance 0.66 16.28% 296 69.55% 0.79 6.58
Guidance 0.66 39.33% 696 67.72% 0.77 1.54
No guidance + Opt 0.66 37.48% 731 69.55% 091 1.04
Guidance + Opt 0.65 34.83% 1152 67.50% 0.86 0.78

QED reports the average quantitative estimate of drug-likeness. PBR denotes the PoseBuster pass ratio. BNC gives the number of compounds whose docking scores
are better than those of the native ligands. VaLip indicates the proportion of valid molecules among the generated set. # INTERacTIONS specifies the average number of
hydrogen bonds formed between generated ligands and their target proteins. STrain ENerGY reports the average conformational strain energy. The overall molecular

diversity is 97.16%
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Method QED PBR BNC Valid # Interactions Strain Energy
No guidance 046 25.23% 540 81.26% 2.19 3.73
Guidance 042 37.51% 1118 77.68% 2.13 267
No guidance + Opt 046 33.66% 801 81.26% 1.83 1.25
Guidance + Opt 042 33.85% 1052 77.68% 1.79 0.87

QED reports the average quantitative estimate of drug-likeness. PBR denotes the PoseBuster pass ratio. BNC gives the number of compounds whose docking scores
are better than those of the native ligands. VaLip indicates the proportion of valid molecules among the generated set. # INTERACTIONS specifies the average number of
hydrogen bonds formed between generated ligands and their target proteins. STraiN ENErGy reports the average conformational strain energy. The overall molecular

diversity is 81.30%

+ Strain Energy: Defined as the difference in energy
between the generated ligand conformation and
its MMFF94-optimized geometry, normalized by
the number of heavy atoms. Lower strain energy
indicates more realistic and energetically favorable
molecular conformations.

Importantly, we evaluate performance under two settings:
(1) using the raw, unrefined ligand conformations directly
output by the generative models, and (2) using confor-
mations that have been post-processed via conditional
MMFF94 minimization. In contrast to prior approaches
that perform full re-docking or extensive pose refine-
ment, our strategy is intentionally lightweight—designed
to preserve the original generative intent while allowing
for minor energy-based adjustments.

Results

We report the results for SemlaFlow in Tables 1 and 2.
Note that the metrics were computed directly on the
generated ligands, without any re-docking. Because
these scores are evaluated on the generated conforma-
tions without re-docking, they are sensitive to geometric
regularity, steric clashes, and strain. As such, improve-
ments in docking scores should be interpreted as reflect-
ing improved physical plausibility of the generated
poses, rather than a direct measure of binding affinity or

docking performance under a full pose-search protocol.
Table 1 reports the Vina and Glide negative ratios—that is,
the proportion of generated ligands with negative scores
(VR < 0 and GR < 0)—as well as the average Vina and
Glide scores (VS and GS), both expressed in kcal/mol.
We also report results after applying protein-conditioned
post-optimization to the generated ligands (denoted by +
OpT in the Tables).

The results highlight that incorporating force-field
guidance during inference leads to improved docking
scores in pratice. Using MMFF94 guidance alone yields
substantial improvements: VR increases from 47.00%
to 64.25%, while GR improves even more dramatically,
from 19.41% to 56.61%. Correspondingly, VS shifts from
an unfavorable 3.04 kcal/mol to a much more favorable
—4.20 kcal/mol, indicating better ligand poses. Applying
post-optimization alone to the baseline model without
guidance also leads to significant gains, with VR reaching
64.98% and VS improving to —4.23 kcal/mol. However,
the best performance is achieved by combining MMFF94
guidance with post-optimization, which yields the high-
est negative ratios for both metrics: 65.59% for VR and
59.06% for GR. Most notably, this combined strategy
produces the strongest VS of —5.21 kcal/mol, represent-
ing an improvement of over 8 kcal/mol compared to the
baseline model without guidance (3.04 kcal/mol).

1 With guidance No guidance

0.20 0.14 0.7
T 0.12 0.6

2015 0.10 05
[%2] 0.08 0.4
g 010 0.06 0.3
0O o5 0.04 \ 02

0.02 0.1 | A
0.00 —= ——— 0.00 “ 0.0
-10.0-7.5-5.0-2.5 0.0 2.5 5.0 -10 0 10 20 30 40 0 5 10 15 20 25

(a) Glide Score

(b) Vina Score

(c) Strain Energy

Fig. 1 Distributions of a Glide Score, b Vina Score, and ¢ Strain Energy for molecules generated with and without guidance using the SemlaFlow
model. Guided molecules exhibit tighter distributions around more favorable scores and lower strain energy, whereas unguided molecules show

broader distributions with higher variance and more unfavorable outliers
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Fig. 2 Distributions of a Molecular Weight, b QED, and ¢ Number of Rotatable Bonds generated with and without guidance using the SemlaFlow

model

Table 2 reports complementary metrics to docking
scores, namely QED, PoseBuster ratio (PBR), better-than-
native ligand count (BNC), validity (VALID), number of
interactions (# INTERACTIONS), and strain energy (kcal/
mol). Incorporating guidance increases BNC from 296 to
696 (a 135% improvement), while substantially reducing
strain energy from 6.58 kcal/mol to 1.54 kcal/mol. This
reduction is particularly important, as strain energy is
directly influenced by guidance during inference, in con-
trast to docking scores, which improve more indirectly.
The post-optimization strategy without guidance also
provides considerable benefits, achieving a BNC of 731
and lowering strain energy to 1.04 kcal/mol. The com-
bination of guidance with post-optimization delivers the
strongest results, with the highest BNC of 1152 (nearly a
4-fold improvement over baseline) and the lowest strain
energy of 0.78 kcal/mol (an 8-fold reduction). Overall,
this combined strategy reduces strain energy from 6.58
kcal/mol to 0.78 kcal/mol while maintaining robust per-
formance across other metrics, including 34.83% PBR,
67.50% validity, and high molecular diversity (97.16%).

Similarly to SemlaFlow, Tables 3 and 4 report the same
quality metrics for EDM. Consistent with SemlaFlow, the
results here demonstrate a consistent trend of improved
docking scores and related metrics, with the combined
guidance and post-optimization approach achieving
superior outcomes in the majority of evaluation cri-
teria. As in the SemlaFlow case, these improvements
should be interpreted in light of the fact that both guid-
ance and post-optimization reduce strain and improve
geometric plausibility, which directly affects docking
scores. Therefore, the observed gains reflect the effective-
ness of the guidance in producing physically reasonable

conformations, rather than a guaranteed improvement in
intrinsic binding quality.

In Table 3, VR increases from 64.26% in the baseline
to 74.45% with guidance and post-optimization, and VS
improves from 1.01 kcal/mol to —4.05 kcal/mol. By con-
trast, GS remains relatively stable across all methods
(=5.16 kcal/mol to —4.76 kcal/mol), while GR shows a
marked increase from 20.84% in the baseline to 47.96%
with guidance and post-optimization.

Table 4 presents the molecule quality metrics for the
EDM model. PBR increases notably from 25.23% in the
baseline to 37.51% for the guidance case. BNC more than
doubles from 540 to 1118, demonstrating that guidance
enables the generation of significantly more molecules
that outperform native binding conformations. The strain
energy also shows considerable improvement, decreas-
ing from 3.73 kcal/mol to 2.67 kcal/mol, reflecting more
energetically favorable molecular conformations. When
adopting post-optimization BNC increases from 540 to
801, while strain energy reduces from 3.73 kcal/mol to
1.25 kcal/mol. PBR also improves from 25.23% to 33.66%.
With guidance and post-optimization, the strain energy
decreases to 0.87 kcal/mol, representing a substantial
77% reduction compared to the baseline value of 3.73
kcal/mol. Note that post-optimization alone does not
yield the best results in strain energy; such improvements
are observed only when it is combined with guidance.

We also plot the distributions of Glide Score, Vina
Score, and strain energy for molecules generated with
and without guidance using the SemlaFlow model
(Fig. 1). Glide Score distributions (Fig. 2a) show that
molecules generated with guidance exhibit a tighter dis-
tribution centered around lower (more favorable) scores



Lai et al. Journal of Cheminformatics

(2026) 18:55

Page 11 of 16

Fig. 3 Some representative examples illustrating the impact of guidance terms on generated molecular composition from the EDM model. Results
for generation with a fixed starting noise with guidance (a and ¢) and without guidance (b and d) for the Epstein-Barr Virus Nuclear Antigen-1 (top
row, PBD:6NPM) and Aspartate semialdehyde dehydrogenase (bottom row, PBD:6C85). Proteins are shown as gray cartoons with some pocked
residues shown with sticks, while generated ligands are shown with ball-and-stick representations, with guidance samples colored with cyan

carbons and default samples colored with green carbons

compared to those without guidance. Vina Score distri-
butions (Fig. 2b) follow a similar trend, where the guided
molecules cluster more tightly around favorable scores
(e.g., < -5 kcal/mol), whereas the no-guidance set includes
a wider spread and a greater number of high (less favora-
ble) outliers. This supports the conclusion that guid-
ance improves the physical plausibility of the generated
molecular poses, as reflected by more favorable docking
scores. We emphasize that these improvements primar-
ily capture geometric and energetic regularization effects,
which are directly reflected in the docking scoring func-
tions. Strain Energy distributions (Fig. 2c) reveal that
the guided group tends to produce molecules with sig-
nificantly lower strain energy. The distribution is sharply
peaked around 2-3 kcal/mol for guided molecules, while
the unguided set shows a broader distribution with a
heavier tail, suggesting a higher incidence of conforma-
tional strain in the absence of guidance. In addition, as
shown in Fig. 2, to better understand the impact of the
proposed guidance framework on 2D molecular metrics,
we examine the distributions of several chemical proper-
ties, including molecular weight, QED, number of rotat-
able bonds, and logP, for molecules generated by the
SemlaFlow model. A key distinction between these prop-
erties and the previously discussed metrics is that the for-
mer depend solely on the 2D molecular graph, whereas
the latter also depend on the 3D coordinates, which are

directly optimized by the guided sampling algorithm. We
observe no significant shift in the distributions of these
2D chemical properties between guided and non-guided
molecules. This result is expected, although the current
algorithm does not explicitly constrain modifications to
the 2D graph, such changes occur relatively infrequently.
Moreover, as illustrated in Fig. 2, when changes to the 2D
graph do occur, the guidance does not induce substantial
alterations in these properties. This behavior is consistent
with the design of the method, as the guidance is applied
directly to the 3D coordinates, and any changes to the
2D graph arise indirectly through the coupling between
3D and 2D information within the flow-matching model.
Finally, Fig. 3 depicts some examples showing the impact
of the energy guidance.

Conclusion

This study introduces a novel energy-guided frame-
work for protein-conditioned molecular generation
that integrates physics-based MMFF94 force field con-
straints into diffusion and flow matching models. Our
approach extends the MMFF94 force field to explic-
itly model protein-ligand interactions through van der
Waals and electrostatic terms, enabling gradient-based
steering during generation. It offers a lightweight yet
effective alternative to existing methods that depend
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on computationally intensive re-docking or pose refine-
ment. A comprehensive evaluation on the PDBBind
dataset demonstrates substantial improvements across
critical drug discovery metrics. Most notably, strain
energy was reduced by 88% for SemlaFlow (6.58 to 0.78
kcal/mol/heavy atom) and 77% for EDM (3.73 to 0.87
kcal/mol/heavy atom), indicating significantly more
energetically favorable conformations. Better-than-
native counts increased by factors of 3.9x and 1.9x,
respectively, while enthalpic interaction energy showed
dramatic improvements, with negative Vina score
ratios increasing from 47.00% to 65.59% for SemlaFlow.
Compared to baseline models, where the loss function
only encourages the model to match the data distri-
bution in the training set, force-field guidance pushes
samples toward physically plausible regions, leading
to better docking scores out-of-the-box. The consist-
ency of improvements across two distinct generative
architectures establishes the broad applicability of our
energy guidance approach. In addition to empirical
improvements, our theoretical analysis (Appendix B)
proves that the gradient-based guidance term admits a
standard descent guarantee for 0 < 4 < 2/L, providing
a theoretical justification for its stabilizing effect within
the overall sampling procedure. Importantly, these
quality enhancements are achieved while maintaining
high molecular diversity (>80%) and chemical validity,
ensuring that improved binding characteristics do not
restrict chemical space exploration.
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Diffusion models

In this section, we provide the details of the CompUTEPOS-
TERIOR function from Algorithm 2, presented in "Diffu-
sion models" section. The COMPUTEPOSTERIOR function
models the distribution N (X;4aT); it ()A(,(l),Xt(t)), BI),
where
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The values B are typically chosen deterministically,
with a common choice being the cosine schedule [33].

Theoretical insights
Lemma 1 (Descent lemma) Let g : R" — R be continu-
ously differentiable with L-Lipschitz gradient:

IVeg@) — VgW)Il < Lllu—vll Yu,veR"
Then for all x,y € R",

g0) < g0 + VW oy —x) + §lly— x>
Proof Fix x,y € R” and define the line segment
y(t)=x4+t(y—«x) for t €[0,1]. By the Fundamen-

tal Theorem of Calculus applied to the scalar function
t—> gy @)

L g4
20 —g(x) = /0 4 evena =
1
/0 Ve(y @)y (t) dt

- /0 Ve ) (- d.
Add and subtract Vg () inside the integrand:
g0) —g@) =Vg@) 'y — =)
+ /0 1 (Ve ®) — Vew) ' (v — x) dt.

By Cauchy—Schwarz and the Lipschitz property of Vg,

|(Ve(y () — Vgx) (7 —x)| < IVg(y () — Vg@)l|
ly —xll < Llly® —xllly—xl = Lt |y — x|*

Therefore,
gy —g) < Vg (y—x)

1
+ /0 Ltly—xl2dt = Vg -2 + Llly—xl?

which is the claimed inequality. O
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Theorem 1 Let E:R” — R and f :R" — R™ be C!
functions, and define the composite

gx) = E(f (x)),

Suppose g is L-smooth, i.e.,

x e R".

3L > 0 such that |Vg(x) — Vgl < L|x -y,
Vx,y € R”.

Then it follows that
E(f(x — AVg®)) < E(f(x)), 0<2i< 32, (B1)

with strict inequality whenever Vg (x) # 0.

**Step 1 (Descent lemma).** For any L—smooth func-
tion g, we have

L
20 <gx) + Vg Ty —x) + Sy = xI%  (B2)

**Step 2 (Gradient step).** Choose
y:x—)hvg(x), )L> 0.

Substituting into (B2) gives
L
g(x = AVg®) < g@) + Vg T (=AVgw) + S - Vg @I1®
, , L2 )
=8 — AIVe@ I + ——IVg@)I*.

**Step 3 (Condition on step size).** Rearranging
yields

g —2Vg@) = g — (2= 1) IVe@I”.  (B3)

Ifo< /< %, then the coefficient 4 — % is strictly posi-
tive. Hence: - If Vg(x) # 0, inequality (B3) is strict:

glx — AVgx)) < g(x).

- If Vg(x) = 0, then x is a stationary point and equality
holds:

glx — AVg(x)) = g(x).

**Conclusion.** Since g(x) = E(f(x)), we deduce that
under the L-smoothness assumption on g, one gradient
step yields

E(f(x — Vg®)) < E(f(x)), 0<2i< 32,
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Fig. 4 Distribution of Glide scores for generated compounds
from models with and without guidance, restricted to cases
where the 2D molecular graph differs between the two models. We
additionally report the Glide score distributions for the redocked
generated compounds in both settings

with strict inequality whenever Vg(x) # 0.

Additional experiment on redocking

Figure 4 shows the distribution of Glide scores for
generated compounds from SemlaFlow models trained
with and without guidance without post-optimization,
restricted to cases where the 2D molecular graph dif-
fers between the two models. In addition, Glide score
distributions are reported for the redocked generated
compounds in both settings. While redocked poses
achieve better scores on average, the guided model
consistently produces higher-quality poses than the
unguided model across both original and redocked
evaluations. This observation also indicates that there
remains room for further improvement.

Generated chemical space

We analyzed the chemical space explored by the Sem-
laFlow model by projecting the ECFP4 fingerprints of
molecules generated with and without guidance into a
two-dimensional space using UMAP [32] (see Fig. 5).
For visualization clarity, the distribution correspond-
ing to the guided case was artificially shifted to the left
along one the x-axis. The resulting projections show
no significant differences between the two distribu-
tions, indicating that both guided and unguided mod-
els explore a similar chemical space. This behavior is
expected, as the steering happens only at inference
time on a model trained on one dataset. Consequently,
the improvements observed when guidance is applied
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mmm  With guidance
mmm No guidance

Fig. 5 UMAP projection of ECFP4 fingerprints for molecules
generated by the SemlaFlow model with guidance

and without guidance. For visualization purposes, the guided
distribution is artificially shifted to the left along the x-axis. The strong
overlap between the two distributions indicates that both models
explore a similar chemical space

do not arise from changes in chemical space coverage,
but rather from differences in the generated molecu-
lar geometries, as reflected, for example, in improved
Glide scores.

Comparison of 2D chemical properties
between training and generated molecules

As shown in Fig. 6, the distributions of molecular weight,
number of rotatable bonds, and logP for the generated mol-
ecules closely resemble those of the training set. The primary
difference is that the training distribution exhibits a broader
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spread, with outliers corresponding to higher molecular
weight, a larger number of rotatable bonds, and lower logP
values. Nevertheless, the majority of the probability mass
in all cases remains centered around similar ranges. For the
QED score, a cutoff of 0.5 was applied during preprocessing
of the training data, resulting in a sharp termination of the
corresponding distribution at this value. In contrast, the dis-
tributions of QED scores for the generated molecules, both
with and without guidance, are noticeably smoother. Despite
this preprocessing-induced difference, the majority of mol-
ecules across all three datasets exhibit QED scores above 0.5.
Taken together with the other three metrics, these results
indicate that the model, both with and without guidance,
effectively captures the chemical space and the drug-likeness
characteristics represented in the training set.

Interaction fingerprint similarity

Our generative model is not constrained to reproduce the
same binding motifs or to generate ligands that are structur-
ally similar to native compounds. To quantify the relation-
ship between generated and native ligands, we computed the
Tanimoto similarity for ligands bound to the same protein
structures using two complementary descriptors: ECFP4
fingerprints with 1024 bits and protein—ligand interaction
fingerprints [9], which explicitly encode ligand—protein
interactions. In both cases, values close to one indicate high
similarity. Figure 7 shows the two-dimensional distribution
of these similarities, with interaction fingerprint similarity
on the x-axis and ECFP4 similarity on the y-axis. While the
structural similarity between generated and native ligands is
generally low, many generated compounds preserve interac-
tion patterns that are similar to those of the native ligands,
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Fig. 6 Distributions of chemical properties for guided, non-guided, and training molecules
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Fig. 7 Two-dimensional distribution of Tanimoto similarities
between native and generated ligands. The x-axis shows

the similarity computed from protein-ligand interaction fingerprints,
while the y-axis shows the similarity computed from ECFP4
fingerprints (1024 bits). Although generated ligands are often
structurally dissimilar to native ligands, many retain similar interaction
patterns with the protein

indicating that the model can recover relevant binding inter-
actions despite producing chemically diverse structures.
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