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Abstract—Drug design is the first step of the long and expensive
process, named drug development, aimed at launching a new
drug on the market. Due to the high cost and time required by
experimental techniques, in silico methods represent a valuable
tool to help speed up and make the development more efficient.
In this work, we propose EVOMOL-FLOW, an approach that
combines evolutionary computation and deep learning models,
specifically tailored to this problem. A multi-objective optimization
algorithm — with novel evolutionary operators — is used to design
novel drug candidates, maximizing their binding affinity to the
target while minimizing the difficulty of their synthesis in the
laboratory. To reduce the bottlenecks of the fitness function
evaluation, we take advantage of DrugCLIP, a molecular encoder
that maps the chemical structures of the ligand and the pocket into
a latent space, and determines the binding affinity by measuring
the cosine distance between the embeddings. This approach
reduces the overall running time by orders of magnitude, paving
the way to large-scale and more accurate evolution of candidate
drugs. As a case study, we applied EVOMOL-FLOW to the design
of putative molecules targeting Vascular Endothelial Growth
Factor Receptor (VEGFR), a membrane protein responsible for
vascularisation in solid tumors. To show the effectiveness of the
approach, we further validate the produced compounds by means
of molecular dynamics and docking experiments.

Index Terms—Molecular Transformers, Neural Networks,
Evolutionary Computation, Multi-objective Optimization, Drug
Design

I. INTRODUCTION

The design of new drugs for specific diseases is the first
step of drug development, a process that typically requires
billions of dollars and more than a decade to put a drug on the
market [1]. One of the principal causes of this expensiveness
lies in the dimensionality of the search space of small molecules
that can be considered as drug candidates: a number estimated
to be in the order of 10°°. This space is usually narrowed
by taking advantage of knowledge of biological targets and
rational drug design [2]. However, designing even a single
drug candidate still remains an expensive task, despite recent
advancements in computational methods for in silico screening.

To enhance computer-aided drug design, several Deep
Learning approaches have been proposed [3], [4]; among them,
Chemical Language Models (CLMs) have gained popularity for

their ability to manipulate 2D molecules using different string
representations. CLMs are widely leveraged for a variety of
tasks, ranging from the de novo generation of novel molecular
structures [5], [6], to the prediction of metabolic processes
related to drug pharmacokinetics and pharmacodynamics [7].
Although CLMs proved to be capable of creating novel
molecules by mimicking structural patterns learned during
training, they showed several drawbacks that limit their benefits:
(i) they struggle at generating small molecules for under-
represented targets in the training set, resulting in poor
generalization to previously unseen cases; (i7) they tend to
generate small molecules that are unfeasible from a chemical
point of view; (iii) they often fail at creating small molecules
that satisfy chemical characteristics required for drugs (e.g.,
the possibility to synthesize the molecule in laboratory).

Optimization methods — in particular, multi-objective evo-
lutionary approaches — have been combined with CLMs to
refine their output, and enhance generational capabilities by
means of operators that introduce useful novelty in the chemical
structures [8]-[10]. Taking inspiration from Darwinian theories,
evolutionary approaches evolve a set of candidate solutions (i.e.,
small molecules) that try to optimize either a single objective or
a set of conflicting objectives. The drawback of such approaches
is that the operators used to evolve the solutions depend on
the representation of the solutions themselves. Moreover, the
objectives to optimize need to be defined according to the
problem at hand, with improper selection of the objectives
resulting in unfeasible solutions.

When dealing with structure-based de novo drug design [11],
the main objective is that the evolved small molecule strongly
binds to the target receptor; several ancillary objectives can also
be considered, such as the possibility of synthesizing the small
molecule. The reliable prediction of binding affinity is therefore
an essential step, as we rely on it to determine whether the
binding takes place, and to rank candidate molecules from
the most to the least promising based on the free energy
of the bound complex (the higher the energy, the worse
the binding) [12], [13]. Traditional methods for free energy
estimation are:
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« Molecular docking, which predicts plausible binding poses
(i.e., 3D configurations of the ligand with the respect to
the target) and their affinity scores [14], relying on limited
conformational sampling and often neglecting protein
flexibility and explicit solvent effects [15].

« Molecular Dynamics (MD), which explicitly models
atomic motions, solvent, and conformational fluctuations
over time [16]. Whilst it offers a more accurate and
physically grounded description of ligand-protein binding,
it carries a significantly higher computational burden.

To overcome the issues related to the high computational
resources and time required by both methods, a Deep Learning
(DL) model named DrugCLIP has recently been introduced to
perform binding predictions by computing a distance between
embeddings [17]. DrugCLIP computes the embeddings of both
the biological target (also referred to as receptor or protein)
and small molecules (or ligands), allowing a comparison in
terms of distance in a geometric space where the closer the
embeddings, the stronger the binding.

Considering the obstacles hindering the possibility to couple
molecular docking and dynamics with evolutionary approaches,
and the promise held by DL-based techniques, we devel-
oped EVOMOL-FLOW (EVOlutionary MOLecular Fragment-
enhanced Ligand Optimization Workflow), a multi-objective
evolutionary approach that evolves a set of novel candidate
small molecules using a structure-based de novo drug design
approach [11]. EVOMOL-FLOW simultaneously optimizes
two objectives: (1) the affinity between the small molecule
and the target, computed by DrugCLIP, and (2) the synthetic
accessibility to ensure that evolved candidates remain viable
for laboratory production. To navigate this chemical space
effectively, the framework employs domain-specific operators
tailored for molecular representation, resulting in drug candi-
dates that are both computationally optimized and practically
attainable. Since the evolution process could generate a large
set of equally optimal solutions, a subset of the most chemically
feasible solutions is determined by using thresholds related
to each objective. The selected molecules are then validated
by molecular docking and molecular dynamics experiments,
and their 3D structures analyzed to understand the chemical
features underlying their favorable performance.

To assess the effectiveness of EVOMOL-FLOW, we per-
formed our experiments on the Vascular Endothelial Growth
Factor Receptor (VEGFR), a well known tyrosine kinase that
plays a major role in pathological angiogenesis, such as the
one promoting solid tumor growth [18]. Blocking the access
of Vascular Endothelial Growth Factor (VEGF) to its receptor
would thus be crucial to prevent tumor cells proliferation. The
3D molecular structure of the receptor was retrieved by the
RCSB Protein Data Bank (RCSB PDB) [19].

In this structure, the receptor is bound to a known VEGFR
inhibitor, Sunitinib. This reference ligand allows us to locate
the ATP-binding site, which is relevant in this approach to
drive the evolution of drug candidates: the pocket is, in fact,
the portion of the receptor encoded by DrugCLIP used for the
evaluation of the binding.

The paper is structured as follows. Section II introduces the
components of EVOMOL-FLOW. In Section III, we present
the experimental setup and the obtained results. Finally, in
Section IV we draw the conclusions of the work and present
future developments.

II. METHODS
A. Multi-Objective Optimization

To evolve the most suitable small molecules, we formalized
the structure-based de novo drug design as a multi-objective
optimization problem. Formally, a multi-objective optimization
problem can be defined, without loss of generality, as:

minimize F'(x) = (f1(2),.. -,fK(x))Ta

where S is the search space and x € S is a candidate solution.
F(z) is a set of K-objective functions (also referred to as
fitness functions), each defined as f;: S >R, i€ {1,..., K}.
Since these objectives are often conflicting, and a single solution
that simultaneously optimizes all of them does not exist [20],
multi-objective approaches aim to find multiple equally optimal
solutions [21]. This circumstance is defined by the strong and
weak domination rules:

o a solution x; € S strongly dominates another solution
xg € S if and only if f; (1) < fi (x2),Vie{1,...,K};
o a solution z; € S weakly dominates another solution

xzo € S if fj(x1) < f; (x2), for at least one index j €

{1,...,K}.
The goal of a multi-objective optimization algorithm is to
identify the Pareto-optimal front, that is, a set of candidate
solutions that weakly dominate each other, while strongly
dominating all other candidate solutions. The quality of the
Pareto Front (PF) can be assessed using the hypervolume of the
hyper-polytope identified by the Pareto-optimal solutions and
a reference point (typically, the worst possible solution). Since
the domination rules induce a partial order on the solutions,
the concept of PF can be extended to dominated solutions by
defining a ranking of PFs. For instance, the second-ranked
PF include the dominated solutions that dominate all other
solutions with the exception of those belonging to the Pareto-
optimal front. Among the algorithms introduced to tackle
these problems, Evolutionary Computation (EC) obtained a
large success in the literature, thanks to its approach inspired
by Darwinian theories. EC algorithms implement an iterative
approach that, starting from a population of individuals (i.e.,
candidate solutions), aims to improve their quality according
to some given objectives. During each iteration, also named
generation, the best individuals are selected to act as parents
and produce an offspring of novel individuals by means of
evolutionary operators. Commonly, such operators are crossover
and mutation; the first takes two individuals and generates a new
individual that combines (often randomly) the characteristics of
both parents, while the second randomly changes a small part
of one individual. Then, the quality of the offspring is evaluated
and a new generation is performed, until a termination criterion
is met (e.g., a certain number of generations is run).
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Since the representation and initialization of candidate
solutions, as well as the definition of evolutionary operators,
have to be tailored for the problem at hand, the main difference
among the EC algorithms proposed in the literature is mainly
related to the selection strategy. EVOMOL-FLOW uses NSGA-
II, a multi-objective evolutionary approach that performs
selection according to two criteria: (i) the ranking of the
PFs detected during each generation, and (ii) the crowding
distance [22]. In particular, this type of selection works as
an iterative process that, starting from the first PF, adds all
solutions of that front to the set of surviving solutions. If
adding all the solutions of the k-th PF exceeds the number
of surviving solutions, then only the most isolated solutions,
according to the crowding distance, will survive.

B. Population initialization

EVOMOL-FLOW leverages the SMILES (Simplified Molec-
ular Input Line Entry System) encoding, a widely used chemical
notation that represents molecular structures as short ASCII
strings [23]. SMILES encode the molecule’s connectivity and
characteristics in a linear format, making it easy for computers
to store, process, and interpret the chemical information.

EVOMOL-FLOW can leverage any set of valid SMILES
strings — produced by generative models or retrieved by
databases — to start the evolution. In the experiments reported
in this work, the initial population used by NSGA-II was
based on the molecules available on ZINC15 [24], a free
repository of commercially-available compounds for virtual
screening. ZINC15 contains more than 230 million purchasable
compounds in ready-to-dock format, also represented as
SMILES notation. In particular, we selected the tranches
tagged as “lead-like” — namely, compounds that are considered
suitable as starting points for drug development — and with
availability “in-stock”, for a total of 2076 017 unique SMILES.
The rationale behind this selection is to begin the evolutionary
process from a readily available population of small molecules
that have already shown safety and therapeutical activity.
EVOMOL-FLOW automatically fetches the molecules from
the database during the initialization stage. Then, at run-time,
it randomly samples 500 molecules, which are exploited as
initial population during the evolutionary phase.

C. DrugCLIP

DrugCLIP is an Al-platform created to accelerate in silico
screening in drug discovery [25]. Based on a molecular encoder,
and trained using a contrastive learning approach, DrugCLIP
generates an embedding of the candidate small molecules
(also named ligands) and the binding pocket of the protein
target. One key advantage of DrugCLIP is its execution speed:
according to developers, it can calculate the embedding of
millions of molecules in about one minute. By quickly mapping
protein pockets and small molecules in a shared latent space,
the alignment between two molecules can be assessed by
comparing their embeddings. Thus, DrugCLIP represents an
extremely efficient alternative to molecular docking, paving
the way to massive testing of drug candidates.

The goal of DrugCLIP was to accelerate virtual screening:
given a target molecule, retrieve all compatible molecules across
all public databases as efficiently as possible. In this work we
propose a different strategy: explore the space of possible drugs
with an evolutionary approach, and assess the pocket-ligand
affinity using cosine similarity as the first objective function
of EVOMOL-FLOW.

D. Objectives

EVOMOL-FLOW simultaneously optimizes two objectives:
(i) the binding affinity between the candidate small molecule
and the ligand under investigation; (ii) the synthesizability of
the candidate small molecule.

To compute the binding affinity, we calculate the dot product
between the DrugCLIP embeddings of the candidate small
molecule and the ligand’s binding pocket: the larger the dot
product the greater the affinity, that is, the binding produces
small values of free energy. Because the embeddings are
normalized, the value of the product ranges between -1 and 1.

To maximize the synthesizability of the candidate molecules,
EVOMOL-FLOW aims to minimize the Synthetic Accessibility
(SA) score [26] — a value that ranges from 1 (easy to synthesize)
to 10 (hard to synthesize) — computed by RDKit [27]. The SA
score is based on the analysis of one million representative
molecules from PubChem [28] and takes into account several
characteristics of the molecule, ranging from the presence of
non-standard structural features to the overall molecule’s size.

E. Evolutionary Operators

When applying an evolutionary approach on SMILES strings,
the operators must be carefully tailored, as not every arbitrary
combination of SMILES characters corresponds to a valid 2D
molecule [3]. SMILES strings follow a strict syntax: atoms
must respect their correct valence, e.g., four bonds for carbon
(C), two bonds for oxygen (O). Rings and branches, that
are respectively encoded with numbers and parentheses, must
remain properly matched. Any violation of this syntax during
offspring generation can produce invalid molecules, potentially
reducing the population size and compromising the evolutionary
process. In EVOMOL-FLOW, the population is evolved using
a combination of specific evolutionary operators, as follows.

The crossover operator is adopted from MolFinder [9], which
performs syntax-aware cuts on the parents: one parent is
truncated from the left side, and the other from the right side,
both avoiding ring substructures and re-balancing parenthesis
when needed, thus reaching a validity higher than 80%. In
case of a failed crossover, the parents are placed back in the
population without any modification. The atom-based mutation
is taken from MolFinder, as well. Two lists of possible atoms for
substitution are set (one for generic atoms, and one for aromatic
atoms), ensuring the core features of the molecule are preserved,
and the valence of the atoms is checked, guaranteeing that every
modification is chemically valid. To enhance the exploration of
the chemical space, we also implemented a brand new fragment-
based mutation. The idea is to preserve the core scaffold
of the molecule and mutate a randomly selected side-chain
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Algorithm 1 EVOMOL-FLOW Evolutionary Optimization

Input: N (Population size), G' (Generations), Miarger (Target)
Output: S* (Validated candidate scaffolds)

1: Py « SampleLeadLike(ZINC15, N)

2: eqrget < DrugCLIPEncode( Marget)

3: fort=0to G-1do

4 for each m € P; do
5: f1(m) < Affinity(em, €arget)
6: f2(m) < SAScore(m)
7 end for
8 Pparems « NSGA—H(Pt, f17 f2)
9: O« g
10: while |O;| < N do
11: mg,mj € Pparems
12: if with probability Peross then
13: mefr < SyntaxAwareCrossover(m;, mj)
14: else
15: if with probability Piom then
16: Myt < MutateAtom(m;)
17: else
18: Mg < MutateFragment(m; )
19: end if
20: end if
21: if IsValid(m,g) then
22: Ot <« Ot U {moff}
23: end if

24: end while

25: Pr+1 < SelectTop(Pt U O, N)

26: end for

27 F « {m € PG ‘ fl (m) > Toge A fg(m) < TSA}
28: C « Cluster(F)

29: 8* « Validate(C)

30: return S*

Variables: N, G: Search hyperparameters; Marger: Target protein
structure; Py, O¢: Current and offspring populations; mg Offspring can-
didate molecule; f1, fo: Affinity and synthetic accessibility; Peross, Patom
Crossover and atom mutation probabilities; e: Latent embeddings;
Tas, Tsa Affinity and SA score thresholds; F: Filtered Pareto front;
C: Structural clusters; S*: Final validated leads.

with a compatible one. Also in this case, every substitution
is chemistry-informed: the replacement of a side-chain is
chosen from a curated database of side-chains commonly
used in medicinal chemistry, together with their preferred
substitutions [29].

At each step, the operators are applied according to a user-
specified probability. After a preliminary investigation of the
parameters (data not shown due to space constraints), one of
the most promising combinations was: crossover probability:
0.6; mutation probability: 0.4. When mutation is selected,
the specific strategy is chosen according to a second condi-
tional probability distribution: atom-based mutation probability:
0.3; fragment-based mutation probability: 0.7. The complete
EVOMOL-FLOW framework is formalized in Algorithm 1.

F. Metrics for Docking

After the evolution, we further assess the quality of the
most promising candidates by leveraging molecular docking
and molecular dynamics simulations for their ability to ap-
proximate the experimental binding modes of the ligands.
While the output of the docking is the binding conformation
of the ligand together with its affinity score, MD provides a
trajectory, that is, a time-ordered series of the ligand-receptor
complex conformations generated during the simulation. This

assessment allows us to directly rationalize the chemical
features underlying the predicted scores, and validate our
results. Docking experiments were performed with AutoDock
Vina [30], using an exhaustiveness of 8 and a grid box centered
based on the reference ligand with dimensions 20 x 20 x
20. Molecular dynamics simulations were performed with
OpenMM [31] for a total simulation time of 100 ns, using
a time step of 2 fs and maintaining the system at 300 K.
Pressure was controlled at 1 bar. To estimate the binding
affinity of the complex, we used the Vina scoring function
for both docking and MD experiments. In this latter case,
the function was applied on a specific pose of the ligand-
receptor complex. This pose corresponds to the most frequently
sampled conformation during the MD simulation, representing
the most stable complex. In practical terms, we find this
structure by clustering all the frames of the MD trajectory [32].
The clustering is performed using DBSCAN [33], a density
based algorithm that groups structures based on their structural
similarity; in this specific case, each frame represent a pose
of the ligand-receptor complex. After computing a pair-wise
Root Mean Squared Deviation (RMSD) between all pairs of
frames, DBSCAN uses the resulting matrix — where each
element represents the RMSD between two conformations
— as a distance metric to identify dense regions of similar
structures, without requiring a predefined number of clusters.
Conformations within a certain similarity cutoff will fall in
the same cluster. The centroid of the most populated cluster
corresponds to the most frequently sampled conformational
states, and is selected as the representative structure for binding
energy evaluation and for analyzing key chemical interactions.
This ensures that the evaluation accounts for conformational
stability and dynamical effects, and is therefore more physically
grounded than docking-based scoring alone. The selected
molecules are then clustered based on structural similarity
to understand if the model converged towards a shared set
of pharmacophoric features, such as hydrogen donors or
acceptors, aromatic rings, and hydrophobic groups. This would
be a suggestion of the characteristics to consider as crucial
for the binding. The structural similarity is computed using
2D pharmacophore fingerprints (Pharm2D) [34], which are
able to capture the spatial relation of the pharmacophoric
features, combined with the Tanimoto coefficient [35], a score
ranging from O to 1 that, in this context, reflects the degree of
overlap between pharmacophoric patterns. Then, clustering is
performed again with DBSCAN, this time using the similarity
matrix resulted from the calculation of Tanimoto coefficients
between pairs of molecules. The resulting clusters of molecules
are then visually inspected with PyMOL [36] to relate their
shared molecular structures and pharmacophoric features to
binding properties. For example, key contacts (i.e., those known
to be important for the binding, as established by the reference
inhibitor) maintained by the evolved molecules, and possibly
new pocket hotspots found by EVOMOL-FLOW, have been
reported.
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III. RESULTS

We retrieved the 3D model of the VEGFR-Sunitinib complex
(PDB code: 4AGD), and used the receptor’s binding pocket as
a target for the EC experiments. We performed 30 independent
runs of NSGA-II, using 500 individuals and 200 generations per
run. Autodock-Vina-GPU (v2.1) and DrugCLIP were run on a
machine with a GPU Nvidia A40 with 46 GB of GDDR6
VRAM, CUDA version 12.8. EVOMOL-FLOW also uses
RDKit (v2025.9.3) [27], DEAP (v1.4.3) [37], and PyTorch
(v2.9.1) [38].

To investigate the convergence of EVOMOL-FLOW, we
computed the hypervolume of the PF hyper-polytope — as

defined in Section II-A — of the initial and the final populations.

In principle, the hypervolume is supposed to increase during
the evolutionary process, so that the higher the hypervolume,
the better the solutions. Figure 1 shows the distribution of
the hypervolumes at the beginning (left boxplot) and at the
end of the optimization process (right boxplot), showing that
EVOMOL-FLOW successfully evolves the random population
towards Pareto-optimal solutions.
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Fig. 1. Distribution of the hypervolumes at the beginning (left) and at the
end (right) of the optimization with EVOMOL-FLOW across 30 repetitions.

As a criterion for the selection of the most promising
molecules among the ones in the optimal PF, we filtered each
final PF by using a threshold for each objective. Specifically,
we filtered out solutions having the SA score > 4 (as suggested
in [39]) and the affinity score < 0.7. The latter threshold was
defined considering the maximum value DrugCLIP’s affinity
score can reach (i.e, 1) to effectively discriminate high-affinity
candidates within the upper range of the score distribution
while preserving chemical diversity; consistently, molecules
above this threshold always display docking scores below —6
kcal/mol, further strengthening the choice of the cutoff. In
Figure 2 we plot an example of the PF solutions during run #4

of EVOMOL-FLOW. The figure shows two relevant outcomes.

First, the evolved molecules (orange dots) are shifted towards
a more promising tradeoff between the two objectives, when
compared to the starting molecules (blue dots). This pattern

holds across all runs (data not shown due to space constraints).

Second, all solutions in the PF dominate the known drug for
this protein, Sunitinib (represented by the black star). Sunitinib

is characterized by a worse SA score, and it is dominated by a
subset of evolved molecules with respect to the affinity score.
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Fig. 2. One example of PF evolved by EVOMOL-FLOW. The dominant
molecules in the first and last generation, respectively, are denoted by blue and
orange dots. From the Pareto-optimal solutions, we extract only the molecules
having a SA score lower than 4 (red dashed line) and an affinity score higher
than 0.7 (blue dashed line), that is, the solutions contained in the green area.
The known drug for this protein, Sunitinib, is denoted by a black star.

By filtering the final PFs across all EVOMOL-FLOW
runs, we obtained a subset of 110 candidate molecules to be
further investigated. Each molecule underwent docking and MD
simulations of the corresponding 3D structures with respect
to the 3D structure of the target receptor. Figure 3 shows
that the distributions of Vina and MD scores for the filtered
molecules are always lower than —6 kcal/mol, as expected for
good binders, reaching even values < —10 kcal/mol, typical of
an excellent binding mode. As a comparison, we performed
a docking evaluation on a set of drug candidates considered
unfavorable based on the DrugCLIP score. These molecules
exhibited significantly higher docking scores, highlighting a
clear separation between the two sets. Due to computational
constraints, we did not perform an MD simulation for the
unfavorable set. However, Vina and MD scores consistently
agreed in determining the quality of the good ligands. There-
fore, docking scores were considered sufficient to confirm
the discriminative power of the deep learning-based fitness
function. To better understand the chemical features of our
drug candidates and rationalize their promising scores, we
clustered them as explained in Section II-F, and analyzed how
the binding-related metrics change with different scaffolds.
From the subset of 110 promising molecules, we identified 4
structural clusters and 29 outliers. This means that, across 30
independent runs of EVOMOL-FLOW, the model consistently
converged on a number of core scaffolds, each representing a
key pharmacophore driving binding affinity, while also finding
alternative solutions that explore chemical space beyond the
main pharmacophoric cores. Figure 4 shows the best structure
(i.e., the one with the highest DrugCLIP score) for each cluster
(A to D) and the outliers (£2). The top left panel in Figure 4
represents the reference inhibitor Sunitinib, which is known to
interfere with the ATP-binding site of VEGFR, with the halogen
substituted oxindole ring penetrating the cavity. Specifically,
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Fig. 3. Distribution of the Vina (blue boxplot) and MD scores (orange boxplot)
of the filtered molecules (across all runs), against the Vina score of the worst
molecules (i.e., those with the lowest DrugCLIP score, green boxplot). The
lower the scores, the better the solutions.

Glu917 and Cys919 residues of VEGFR have been reported
to be important for the inhibition [40], [41].

() (A (B)

©) D) ()

Fig. 4. (%) Sunitinib VEGFR inhibitor molecule. (A-D) Representative
molecules for all clusters obtained from the set of filtered dominant molecules.
(£2) Representative molecule of the outliers.

To characterize the binding-behavior of each core scaffold,
we observed the distribution of the affinity score across the
clusters, shown in Figure 5. Despite some outliers, Cluster C is
the one showcasing the most promising results: the molecule
with the highest score (0.89) is represented in Figure 4C. This
molecule mimics the oxindole substructure of Sunitinib, but
introduces a third fused ring in place of the oxygen atom,
thereby increasing rigidity, which may reduce conformational
flexibility and stabilize binding within the ATP pocket.

Importantly, this molecule maintains the ability to deeply
penetrate the pocket with the indolic moiety, as shown in
Figure 6, and preserves the fundamental bonds with the receptor,
as per Figure 7. The net of interactions here displayed is
compatible with the binding mode of known inhibitors [42]:
the key hydrogen bonds with the glutamine and cysteine within
the hinge region are maintained, along with the hydrophobic
contacts established with two valines in the back of the pocket
and a leucine functioning as an anchoring point towards the
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Fig. 5. Cluster-based distribution of the affinity scores computed by DrugCLIP.
The higher the score, the better the solution. (A-D) Representative molecules
for all clusters obtained from the set of filtered dominant molecules. (£2)
Representative molecule of the outliers.

surface. Interestingly, some of the hydrogen bonds are mediated
by the third ring with two nitrogens. Despite not being part
of Sunitinib, this substructure is present in Pazopanib, another
known VEGFR-inhibitor, and has been investigated to produce
novel potential anti-angiogenic compounds within a quinazoline
moiety [43]. The diethylaminoethy] tail is replaced by a benzene
moiety (Figure 4C), keeping a fair balance between polar and
hydrophobic nature due to nitrogen substitutions.

Fig. 6. Binding pose of the top-ranked molecule from Cluster C in the VEGFR
binding pocket. The ligand is shown in pink as sticks, and the receptor is
displayed as a surface, highlighting the shape and accessibility of the binding
cavity. Visualization was performed using PyMOL.

Fig. 7. Interaction network of the top-ranked molecule from Cluster C in the
VEGFR binding pocket. The ligand is shown in pink (sticks), the receptor in
green (ribbons), with pocket residues represented as sticks. Visualization was
performed using PyMOL.
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The other clusters also present some interesting features. A
two-rings pattern is recurrent, and help the novel compounds
to partially superimpose with the pharmacophoric region of
Sunitinib. In particular, Cluster D presents a thiazole moiety,
a substructure that was identified as promising in mimicking
Sunitinib mode of action [44]. Overall, these features showcase
EVOMOL-FLOW's ability of evolving molecules with key
substructures, mimicking the behavior of known inhibitors
within the hinge region, and preserving key contacts.

Concerning the outliers, the conformation of the best
molecule in Cluster {2 represents a possible binder but fails
in penetrating the pocket, and therefore taking contact with
the key amino acids, because of its bulky scaffold (Figure 42).
Although this could be interpreted as a negative result, it may
also provide a valuable indication. The fact that EVOMOL-
FLOW classifies this molecule as an outlier suggests that this
conformation is only marginally favored during evolution. This
means it recognizes it is not the best conformation overall,
but it may suggest another type of inhibition mechanism, that
should not be discarded a priori.

—_
[«
)

Execution Time (s)
)
3%}

=

Fx L Lo Lo L

MD

Vina-GPU  DrugCLIP

Fig. 8. Execution time of the objective function over a single generation of
EVOMOL-FLOW when using MD, Vina-GPU and DrugCLIP for the fitness
evaluation. The y axis is in logarithmic scale.

Although the evolutionary approach is computationally
demanding in terms of number of individuals and genera-
tions performed, EVOMOL-FLOW remains feasible thanks to
DrugCLIP, which reduces the running time by three orders of
magnitude in comparison with a conventional approach based
on MD, and two orders of magnitude with respect to simple
docking with Vina accelerated on GPU, as shown in Figure 8.
Specifically, a whole run of EVOMOL-FLOW with DrugCLIP
requires 550 seconds, while the running time using Vina for
the fitness evaluations is 44 394 seconds. This work shows that
DrugCLIP’s Al-based technology is extremely efficient not only
for virtual screening but also for any alternative application
where binding prediction is central, like the exploration of the
molecular search space performed by EVOMOL-FLOW.

IV. CONCLUSION

In this paper we presented a novel methodology for structure-
based de novo drug design based on evolutionary computation
and neural networks used, respectively, to perform multi-
objective optimization and molecular encoding. The former

allows to identify the set of Pareto-dominant solutions, which
are optimal from the point of view of binding affinity and
synthetic accessibility. The latter represents a more computa-
tionally efficient alternative to MD or docking, and allows to
strongly reduce the running time of the overall methodology.

We tested EVOMOL-FLOW on the VEGFR transmembrane
protein, showing that it can identify novel promising drugs
— dominating a known inhibitor of this molecule, Sunitinib —
in a matter of a few minutes. Performing docking and MD
analysis on non-dominated solutions not only ensures the
reliability and chemical relevance of these predictions, but also
assesses the consistency and effectiveness of the deep learning-
based fitness function employed during evolution. Moreover,
the observed convergence towards a limited number of core
structures highlights EVOMOL-FLOW'’s ability to identify
robust scaffold architectures while still allowing exploration of
structurally diverse candidates. Currently, the main bottleneck
of EVOMOL-FLOW is the conversion, performed by RDKit, of
the small molecule from its SMILES format to the 3D structure
that is then processed by DrugCLIP. We accelerate this step
by using multi-threading to convert every molecule, but only
linearly with the number of individuals in NSGA-II. DrugCLIP,
on the other hand, can process in parallel all individuals of a
generation keeping the GPU still far from resources saturation.
As a future work, we will investigate how to reduce RDKit-
related computation time, in order to improve efficiency and
scalability to larger populations. Further extensions will include
the introduction of adaptive operator probabilities to enhance
early exploration and progressively refine candidates. To better
characterize the entire drug design pipeline, we plan to meta-
optimize parameters, including assessing the impact of the
initial population on outcomes.
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