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Navigating Chemical Space: Multi-Level Bayesian Opti-
mization with Hierarchical Coarse-Graining’

Luis J. Walter® and Tristan Bereau*

Molecular discovery within the vast chemical space remains a significant challenge due to the im-
mense number of possible molecules and limited scalability of conventional screening methods. To
approach chemical space exploration more effectively, we have developed an active learning-based
method that uses transferable coarse-grained models to compress chemical space into varying levels
of resolution. By using multiple representations of chemical space with different coarse-graining reso-
lutions, we balance combinatorial complexity and chemical detail. To identify target compounds, we
first transform the discrete molecular spaces into smooth latent representations. We then perform
Bayesian optimization within these latent spaces, using molecular dynamics simulations to calculate
target free energies of the coarse-grained compounds. This multi-level approach effectively balances
exploration and exploitation at lower and higher resolutions, respectively. We demonstrate the effec-
tiveness of our method by optimizing molecules to enhance phase separation in phospholipid bilayers.
Our funnel-like strategy not only suggests optimal compounds but also provides insight into relevant
neighborhoods in chemical space. We show how this neighborhood information from lower resolu-
tions can guide the optimization at higher resolutions, thereby providing an efficient way to navigate
large chemical spaces for free energy-based molecular optimization.

1 Introduction

All molecules consist of a limited set of atoms, but their diverse
properties arise from the intricate arrangements of these atoms.
The vast combinatorial possibilities of such arrangements define
the so-called chemical space (CS).! Exploring this space to dis-
cover new molecules with desired properties is challenging due
to its immense size and complexity. >3 Traditionally, experimen-
tal high-throughput screening is conducted on a small subset of
molecular structures to identify candidates with the desired prop-
erties. However, this approach is costly and limited by the size of
the molecular library. 4°

To address these challenges, computational methods have
been employed to replace expensive experiments.® In partic-
ular, molecular dynamics (MD) simulations can be utilized to
predict the behavior of molecules based on their structure
and empirical force fields.” Combined with automated, high-
throughput setups, they enable the screening of large numbers of
molecules. '© While such simulations can reduce the cost of evalu-
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ating molecules for their target properties, they do not inherently
facilitate navigation of the vast chemical search space.

Active learning methods—particularly Bayesian optimization
(BO)—offer an efficient way to identify promising molecules from
the extensive candidate pool. These methods optimize func-
tions where gradient-based approaches are inapplicable.11:12 As
molecular structure-property relationships generally lack gradi-
ent information, BO offers a more efficient alternative to uniform
or random sampling of molecular space. 31> Since BO relies on
a covariance function over the input space, a numerical represen-
tation of discrete CS is typically used to quantify molecular sim-
ilarity. For example, autoencoder models can encode molecules
into latent representations. 16-18 In contrast to fingerprint meth-
ods, 1922 they do not require a manual feature selection. Al-
though BO helps select promising candidates, it does not reduce
the complexity of CS.

Coarse-graining—grouping atoms into pseudo-particles or
beads—addresses this complexity by effectively compressing CS.
While traditionally employed to accelerate MD simulations, map-
ping atoms to beads reduces information and results in many-
to-one relationships between atomistic and coarse-grained (CG)
structures. %23 The collective properties of the underlying chemi-
cal fragments determine the interactions between the CG beads.
Discretizing these interactions enables the use of a transferable
CG force field, i.e., a fixed set of interaction or bead types that
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Fig. 1 Overview of our multi-resolution coarse-graining molecule optimization workflow. (a) Definition of multiple coarse-grained (CG) models at
varying resolutions. These models share the same atom-to-bead mapping but differ in bead-type assignments, with higher resolutions featuring more
bead types to capture finer chemical details. (b) Enumeration of chemical space (CS) at different resolution levels. Higher-resolution molecules can

be hierarchically mapped to lower resolutions.

(c) Multi-level Bayesian optimization integrating information from all CS resolutions.

Molecules are

iteratively suggested by an acquisition function and evaluated through molecular dynamics (MD) simulations. The optimization progressively shifts
toward higher-resolution evaluations. Optimization at higher-resolution levels is guided by surrogate models at lower resolutions, improving efficiency

and accelerating the search for optimal candidates.

can be reused across the entire CS.2* The interaction resolution of
such transferable force fields, determined by the number of avail-
able CG bead types, directly impacts the many-to-one relationship
between atomistic and CG structures and therefore the combina-
torial complexity of CG CS.2° Lower-resolution CS representa-
tions with fewer available bead types are easier to explore, but
the resulting molecular structures lack detailed information.26
Higher resolutions provide more detailed results, but their CS
representations are more challenging to explore. This raises the
question of how to combine different coarse-graining resolutions
to efficiently explore CS while obtaining detailed molecular re-
sults.

In this work, we propose a multi-level BO framework for an ef-
ficient exploration of small molecule CS across multiple CG force-
field resolutions. Our method combines the reduced complexity
of CS exploration at lower resolutions with a detailed optimiza-
tion at higher resolutions. The Bayesian approach provides an
intuitive way to combine information from different resolutions
into the optimization. Our method builds upon the work of Mohr
et al., who applied BO in a single, relatively low-resolution CG
representation of CS to derive molecular design rules.2° They also
conducted optimization in a learned representation of an enumer-
ated CG CS. We build on their approach by integrating multiple
CG resolutions into a unified optimization framework.

Our multi-level BO is related to previous multi-fidelity BO ef-
forts, 27-30 which rely on different evaluation costs and accuracies
for each fidelity. In contrast, we assume a constant evaluation
cost at all levels and instead utilize the varying complexity of our

2| Journal Name, [year], [vol.], 112

different CG resolutions.

Compared to recently popular generative methods for inverse
molecular design,3! our multi-level BO framework is data effi-
cient and requires no prior training data for the optimization tar-
get.

As a demonstration of our method, we optimize a small
molecule to promote phase separation in a ternary lipid bi-
layer. Previous studies3233 have shown that molecules embed-
ded within lipid bilayers can modulate their phase behavior. We
quantify this phase separation behavior as a free-energy differ-
ence, which serves as the objective function for our molecular
optimization. We demonstrate that our multi-level BO algorithm
effectively identifies relevant chemical neighborhoods and out-
performs standard BO applied at a single resolution level. Our
proposed approach is versatile and applicable to a broad range of
small-molecule optimization tasks where the target property can
be expressed as a free-energy difference.

2 Methods

2.1 Overview

We begin by providing an overview of our computational screen-
ing methodology. First, we defined multiple CG models with vary-
ing resolutions, all using the same atom-to-bead mapping but
differing in the assignment of transferable bead types. Higher-
resolution models featured more bead types, capturing finer
chemical details while still reducing the combinatorial complexity
of CS compared to the atomistic level (Figure 1a). This reduction
allowed us to enumerate all possible CG molecules corresponding
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to a specific region of CS at each resolution. Due to the hierarchi-
cal model design, higher-resolution molecules could be systemat-
ically mapped to lower resolutions (Figure 1b).

For the next step of our molecule optimization, we embedded
the CG structures into a continuous latent space using a graph
neural network (GNN)-based autoencoder, with each resolution
encoded separately. This encoding step provided a smooth repre-
sentation of CS, ensuring a meaningful similarity measure neces-
sary for the subsequent BO.

Finally, a multi-level Bayesian optimization was performed
based on all previously encoded CS resolutions. The ground truth
values, i.e., the optimization targets, were obtained from MD
simulation-based free-energy calculations (Figure 1c). In our ex-
ample application, such a free-energy estimate characterized the
phase separation behavior of a molecule inserted into a ternary
lipid bilayer. The following sections describe each of the molecu-
lar discovery steps in detail.

2.2 Multi-resolution Coarse-graining of CS

Coarse-graining of molecules generally consists of two steps.
First, groups of atoms are mapped to pseudo-particles or beads.
Second, the interactions between these beads are defined based
on their underlying atomistic fragments. For both steps, the res-
olution of the coarse-graining can be varied. Assigning larger
groups of atoms to single beads results in a lower CG resolution
for the mapping step. Interactions between beads can be defined
for each bead pair343>
transferable bead types. The number of available bead types then
defines the interaction resolution. Various CG models with differ-
ent approaches to the mapping, discretization, and assignment of
bead types exist. 36:37

Since coarse-graining reduces information, a single CG
molecule corresponds to multiple atomistic conformations or
chemical compositions. The CG resolution determines how many
atomistic structures correspond to a single CG molecule. Repre-
senting CS at a lower CG resolution results in fewer combinatorial
possibilities for molecules and therefore a smaller CS.2°

or discretized into a limited number of

We started the molecule discovery process by directly defining
small molecule CS at the high-resolution CG level. To do this,
we specified the set of available CG bead types based on the rel-
evant elements and chemical fragments from atomistic CS (Fig-
ure 1a). We used three CG resolution levels for our application.
They shared the same mapping of atoms to beads, but differed in
the number of available bead types. Our high-resolution model
corresponded to the Martini3 model,2* a versatile CG force field
with demonstrated relevance to materials design. 263839 For our
model, we ignored Martini3 bead labels, e.g., for hydrogen bond-
ing or polarizability. Further excluding water and divalent ions
resulted in a model with 32 bead types per bead size, or 96 bead
types in total. The relationship between bead types at different
resolutions was hierarchical, meaning that higher-resolution bead
types could be uniquely mapped to lower resolutions. In practice,
lower-resolution bead types were obtained by averaging the in-
teractions of higher-resolution bead types. For the medium- and
low-resolution models, we derived 45 and 15 bead types, respec-
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tively. Section S1.1 of the Supplementary Information’ provides
further details on the derivation of lower-resolution models.

For all resolutions, we enumerated all possible CG molecules
based on the available bead types and the defined molecule size
limit of up to four CG beads (Figure 1b). By directly generat-
ing molecules at the CG level, the atomistic resolution was by-
passed. Since we assumed bead size-dependent but constant
bond lengths and no angle or dihedral interactions, the enumer-
ation of molecules is equivalent to the enumeration of graphs.
The small molecule size justified the neglected angle and di-
hedral interactions. For the three levels of resolution, we ob-
tained chemical spaces of approximately 90,000, 6.7 million, and
137 million molecules, respectively. Section S1.2 of the Supple-
mentary Information’ elaborates details on the graph enumera-
tion.

2.3 Chemical Space Encoding

From the enumeration step, we obtained large sets of molecu-
lar graphs. While direct optimization in graph space is possible
(e.g., via evolutionary algorithms4%-#2), a numerical representa-
tion facilitates exploration of CS by enabling distance-based sim-
ilarity measures. Molecular fingerprints are often used for this
purpose 122 but require manual feature selection. Instead, we
used a learned projection of CS into a low-dimensional, smooth
numerical representation.

For the learned encoding, we used a regularized autoencoder
(RAE),*® which offers deterministic behavior compared to the
more common variational autoencoder (VAE) architecture. 1644
As we only aimed for a smooth embedding, the stochasticity of
a VAE was not needed. The built-in regularization of the RAE
ensured a well-structured latent space.*® We used a GNN for the
node-permutation invariant encoder, *54¢ which mapped molec-
ular graphs to the five-dimensional latent space. A decoder, com-
posed of fully connected layers, was used to reconstruct node fea-
tures and the adjacency matrix. Although the decoder was not
invariant to node permutations, the reconstruction loss ensured
an invariant training of the RAE.

Input and reconstruction node features included bead-type
class, size, charge, and octanol-water partition coefficient. The
latter was added as a continuous feature to improve latent space
structure.

We trained separate RAEs for each CG resolution using the
complete set of enumerated molecules. The separated training
resulted in lower reconstruction losses and better adaptation to
the reduced resolution at lower levels. The loss combined cross-
entropy terms for categorical features, a binary cross-entropy for
the adjacency matrix, and a mean squared error term for the
octanol-water partition coefficient. After training, we retained
only the encoder for embedding molecules. The RAE was imple-
mented using the PyTorch and PyTorch Geometric libraries, 47-48
following the architecture of Mohr et al. 26 Further details on the
RAE architecture, the training, and an analysis of the learned la-
tent space are provided in Section S1.3 and S2.1 of the Supple-
mentary Information®. In the following steps, we performed BO
in these learned latent spaces.
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2.4 Single-Level Bayesian Optimization

Before introducing our multi-level BO approach, we first pro-
vide an overview of standard BO and our notation (see, e.g.,
Frazier 12 for a more detailed introduction). We then describe
how we extend this approach to combine multiple resolution lev-
els into a single optimization process. BO aims to optimize a
black-box function f: X — R that is expensive to evaluate and
has no analytical form or gradient information available. The
objective is to find the global optimum x* = argmin,cy f(x) or
x* = argmax,¢ y f(x) with as few function evaluations as possible.
Typically, a Gaussian process (GP) is used as a probabilistic model
for f(x), i.e., f(x) ~ GP(m(x),k(x,x")), defining a multivariate nor-
mal distribution with mean function m(x) and a covariance func-
tion k(x,x’'). This covariance kernel quantifies correlations over
X. Although various kernel functions exist, a common choice is
the radial basis function (RBF) kernel, defined as

k(x,x/) = exp (f—zﬂxfx/Hz) , (@D

where & is the length scale parameter. Given training data
D = {(x;,yi)}!, with inputs X = {x{,...,x,} and observations
Y ={y1,...,yn}, the posterior GP provides a predictive mean p(x)
and variance ¢2(x) for any x € X. The mean and variance are
given by

w(x) = m(x) +k(x, X)K~' (Y —m(X)), 2

02 (x) = k(x,x) —k(x, X)K k(X ,x), (3)

where K = k(X,X)+ oyl is the covariance matrix of X with an
added noise term op.

In BO, the GP model is iteratively updated with new evaluations
of the target function. First, the function is evaluated at a set of
initialization points. Subsequent evaluations are selected based
on the predictive mean and variance of the GP, guided by an ac-
quisition function that balances exploration and exploitation. A
common choice for the acquisition function is the expected im-
provement (EI),° which for minimization is defined as

EI(x) = E_ Ar(u(x),02(x)) [max (y* — z,0)] C))

with y* = minycyy. The next evaluation point is determined by
Xp+1 = argmax,¢ x EI(x). This process repeats until the evaluation
budget is exhausted or a sufficiently good solution is found.

2.5 Multi-Level Bayesian Optimization

For our multi-level BO approach, we considered d =3 CG res-
olution levels of CS. At each level / € {1,...,d}, we defined the
mapping of chemical space X; to the target free-energy differ-
ence y as an unknown function f;(x). Our goal was to identify
molecules at the highest resolution d that are near the optimum,
i.e., x* = argmin,c x, f4(x), while leveraging information from the
lower-resolution models (I < d). Similar to the work of Huang
et al., we assumed that each function f;(x) can be modeled as a
correction to the lower resolution

Jix) = fim1(x) + 8 (x), ©)

4| Journal Name, [year], [vol],1-12
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where §;(x) represents the correction term.2’” The hierarchical
bead-type resolutions justified this delta learning approach. We
modeled each §;(x) as a GP, i.e.,

8;(x) ~ GP(0,k;(x,x)). (6)

with a mean function equal to zero for all x. For all levels, we used
an RBF kernel function (equation 1) with level-specific length
scale parameters &;. By definition of the GP (see equations 2 and
3), this delta learning approach corresponds to a GP with a mean
prior m(X) equal to the next-lower resolution function f;_{(x).
Thus, we can rewrite the GP for f;(x) as

fix) ~ GP(fi1 (x) ki (x,x")). 7

At the lowest resolution / = 1, no lower-level prior was available.
Instead of using a zero prior for f(x), we applied a simple model
fo(x) that approximates the free-energy difference of a molecule
as the sum of the individual bead free energies.

Until now, we assumed the latent spaces of the different resolu-
tions to be compatible. However, since they were obtained from
separate autoencoder trainings, we could not directly use a lower
level function f;(x) as the prior for the GP on level /. Instead,
a function M;(x) was required that maps points in latent space
A, to points in latent space X;_;. We determined this mapping
from one resolution to a lower one from the known relationships
between molecules at different resolutions. Effectively, we had
a many-to-one mapping from A; to A;_;, which made the map-
ping M, (x) an unambiguous function. Applying this mapping to
equation 7, we get

Ji(x) ~ GP(fiir (Mi(x)), ki (x,x')). (®)

as the final probabilistic model for resolution /.

The optimization procedure started at the lowest-resolution
level [ = 1, with initialization molecules selected through
weighted k-medoid clustering of the fully encoded CS. The clus-
tering weights were based on the prior of the lowest resolution
and calculated as w; = exp(—fo(x;)).

The length scale parameters &; of the RBF kernels were opti-
mized for each level using the GP marginal likelihood. The kernel
noise term o, (from K in equations 2 and 3) was fixed to the
standard deviation of the calculated free-energy differences. This
standard deviation was determined by multiple repeated evalua-
tions of the same molecule (see Section S2.3 of the Supplemen-
tary Information®). The multi-level BO implementation used the
GPyTorch library. >0

Although BO is also possible with a batched evaluation of mul-
tiple points,2® we only evaluated one point, i.e., one molecule,
at a time. Since each evaluation involved multiple MD simula-
tions, we parallelized over these simulations. We used the EI as
the acquisition function on each level. For higher levels / > 1, the
EI was computed and maximized only over CS regions with ex-
pected significant negative free-energy differences. These regions
were defined as the neighborhoods of points with promising prior
information from the lower level. Restricting the EI calculation to
these neighborhoods focused the optimization on the most rele-
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Fig. 2 Influencing phase separation in a lipid bilayer by inserting small
molecules. Shown is a top view of a CG ternary lipid bilayer composed
of DPPC (blue), DLiPC (red), and cholesterol (yellow). (a) In the mixed
state, the bilayer contains small, dispersed lipid patches. (b) Upon in-
serting specific small molecules, (c) the bilayer transitions to a demixed
state with pronounced phase separation between the two phospholipids.

vant CS regions and accelerated the EI maximization process. De-
tails regarding the mapping of points between latent spaces and
the calculation of neighborhoods are provided in Section S1.4 of
the Supplementary Information'.

Our multi-level BO algorithm transitions to a higher resolution
when the prediction error of the GP remains below a predefined
threshold for multiple consecutive evaluations. This prediction
error serves as a measure of the GP model’s convergence. For
our application, we empirically set the prediction error thresh-
old to 0.12kcalmol~! and required three consecutive evaluations
below this threshold to trigger the switch. These hyperparam-
eters control the trade-off between exploration at lower resolu-
tions and faster exploitation of promising regions at higher res-
olutions. Lowering the threshold and increasing the number of
required evaluations enhances exploration at lower resolutions,
but increases the total number of molecule evaluations needed.

In addition to increasing the resolution level, the algorithm can
switch back to the previous lower resolution. Since we want to ef-
fectively leverage lower-resolution models, we are only interested
in high-resolution evaluations in regions where a reliable prior is
available. If the candidate with the maximal EI is too far away
from regions with a reliable prior from lower levels, we switch
back to the previous resolution level. Specifically, the criterion
for switching to resolution level / — 1 is defined as ||x* —x'|| > 2&;,
Vx' € {x € Xj|x € X; V M, (x) € X;_ }, where X; denotes the set of
already evaluated points at level /.

2.6 Estimating the Membrane Demixing Behavior

For our application, we optimized small molecules to en-
hance phase separation in a ternary lipid bilayer consist-
ing of 1,2-dipalmitoyl-sn-glycero-3-phosphocholine (DPPC), 1,2-
dilinoleoyl-sn-glycero-3-phosphocholine (DLiPC), and cholesterol
(Figure 2). DPPC and DLiPC differ only in their acyl chains, with
DPPC having two saturated 16-carbon chains and DLiPC having
two doubly unsaturated 18-carbon chains. The phase separation
can be quantified by the DPPC-DLiPC contact fraction.32 How-
ever, directly observing the effect of a molecule on lipid mix-
ing requires long simulations with large bilayer leaflets, which
is impractical for high-throughput screening. Alternatively, po-
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Fig. 3 Estimating the demixing behavior of molecules via free-energy
calculations at four bilayer depths (circles) as an alternative to poten-
tial of mean force (PMF) computations (solid lines). For the molecule
optimization, we aim to minimize AAG = AGcenter — AGpLipc under the
conditions that AGeenter < AGinterface aNd AGcenter < AGwater- The back-
ground illustrates the hydrophobic tails (grey), the charged headgroups
of DPPC (blue) and DLiPC (red), as well as cholesterol (yellow). The
plotted PMFs correspond to a molecule with AGcenter > AGinterface: iN-
dicating that it localizes at the bilayer interface and therefore does not
significantly influence lipid mixing.

tential of mean force (PMF) profiles along the axis perpendicu-
lar to the bilayer plane can be compared for pure DPPC, DLiPC,
and ternary bilayers. 33 Since PMF calculations (e.g., via umbrella
sampling®!) are still computationally expensive, we employed
thermodynamic integration (TI)>%%3 calculations at a few key
positions in the bilayers as a proxy. Centi et al. 3> showed that
molecules that influence the demixing or mixing of a DPPC-DLiPC
bilayer localize near the bilayer center because the two phospho-
lipids differ only in their carbon tails. To determine a molecule’s
preferred localization, we performed TI computations at the cen-
ter (z=0nm) of the ternary bilayer, at the interface (z = 1.5nm)
and in bulk water (Figure 3), obtaining the free-energies AGcenter,
AGipterfaces and AGwater, respectively. We initially used AGcenter
and AGwater to identify non-inserting molecules, allowing us to
skip further free-energy evaluations for these cases. Centi et al. 33
showed that molecules that enhance the phospholipid demixing
localize near the DLiPC phase. Therefore, we performed a fourth
TI calculation at the center of a pure DLiPC bilayer, yielding
AGpijpc. Unlike the direct observation of DPPC-DLiPC contacts,
AG-based scoring was easily parallelized, thereby further reduc-
ing the wall time per evaluated molecule. The main optimization
target was the free-energy difference, AAG = AGcenter — AGpiipc,
assuming the molecule localizes near the ternary bilayer center.
To ensure robust optimization even when molecules localize at
the interface or in the water, we combined AAG with a score §
defined as a conditional weighted sum of AGwater — AGingerface
and AGjyeerface — AGeenter- In contrast to using a constant AAG
for interface- or water-localizing molecules, this score provided a
more nuanced direction for optimization, steering it toward rel-
evant regions of CS. Negative AAG values indicated a preference
for the DLiPC phase, corresponding to a demixing behavior. Over-
all, the molecule optimization corresponded to a minimization of
min(AAG,0) + S. Section S1.5 of the Supplementary Information®
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provides further information on the calculation of the score S.

2.7 Molecular Dynamics Simulations

We used MD simulations in a high-throughput manner®*>> to

perform the TI calculations of the free-energy differences. All
MD simulations were performed using GROMACS 2024.2.56:57
Martini3 and Martini3-derived (see Section 2.2) force fields were
used for the CG simulations.24°8 The derived lower-resolution
bead types are compatible with the standard Martini3 bead types
and can therefore be evaluated within unmodified Martini3 envi-
ronments.

Our lipid bilayer simulation setup was based on the protocol by
Ozturk et al. > We used a leap-frog stochastic dynamics integra-
tor with an integration time step of 20fs (in reduced CG units).
All simulations were performed in the NPT ensemble at a tem-
perature of 305K and pressure of 1bar,33 controlled by a semi-
isotropic C-rescale barostat.9 For the TI, we used 26 linearly-
spaced A steps for the decoupling of Lennard-Jones interactions
and 10 additional linear A steps for the decoupling of Coulomb in-
teractions in the case of charged molecules. Since each molecule
evaluation required up to four TI calculations, each with up to 36
A steps, evaluating a single molecule could require up to 144 in-
dividual simulations. Further simulation parameters are provided
in Section S1.6 of the Supplementary Information®. The package
MBAR 6162 was used to calculate free-energy differences from the
MD simulation data.

Membrane systems were generated using the program in-
sane.% Following the approach of Centi et al., we used a lipid
composition of DPPC:DLiPC:cholesterol in a 7:4.7:5 ratio. 33 For
a bilayer area of 6 x 6nm?, used for the free-energy evaluations,
this corresponded to 26 DPPC, 18 DLiPC, and 19 cholesterol
molecules per bilayer leaflet. We used the colvars module® in
GROMACS to calculate or restrain the phospholipid contact frac-
tion. Specifically, the collective variable was defined as the coor-
dination number between the first C1 beads of DLiPC and DPPC
with a cutoff distance of 1.1nm.33 During the TI simulations, the
coordination number was restrained to 65 contacts per leaflet,
yielding an average of 2.5 DLiPC molecules within the cutoff per
DPPC. This slightly exceeds the 2.15 contacts expected from ran-
dom lipid placement by insane. %3

3 Results and Discussion

3.1 Multi-level Bayesian Optimization

We applied our multi-level BO workflow to identify small
molecules that enhance the phase separation of a ternary lipid
bilayer, demonstrating its effectiveness in navigating chemical
space. We restricted the search to small molecules with up to
16 heavy atoms, corresponding to a maximum of four beads in
our CG model. We imposed no additional constraints, such as
the presence of specific functional groups, to rigorously test our
method. Our multi-level molecule optimization utilized three
coarse-graining resolutions, incorporating 15, 45, and 96 distinct
bead types. While all three levels use the same spatial coarse-
graining, complexity increased with the combinatorial diversity
of bead types, spanning approximately 90,000, 6.7 million, and
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137 million possible CG molecules. To identify phase separation-
enhancing molecules at the highest resolution, we used lower-
resolution models only to guide the search, thereby reducing the
complexity of the optimization compared to direct high-resolution
exploration. At all levels, a molecule’s effect on phase separation
was quantified by an MD simulation-derived free-energy differ-
ence, AAG (see Section 2.6).

The optimization was conducted within RAE-learned latent em-
bedding spaces, generated from the CG models at each resolu-
tion. As a first step, we computed the AAG values for all 15 low-
resolution bead types. These results enabled us to construct a
cost-effective prior for the low-resolution model, based on an ad-
ditivity assumption over individual bead values (see Section S2.1
of the Supplementary Information’ for a detailed evaluation of
this assumption). Using this prior, we initialized the multi-level
active learning with 50 low-resolution molecules. Subsequent
molecules and their resolution levels were determined iteratively
by our multi-level BO algorithm. We evaluated 327 molecules in
total: 106 molecules (15+50+41) at the low resolution, 148 at
the medium resolution, and 73 at the high resolution. In each
iteration, a single molecule was selected for evaluation using MD
simulations. The resulting AAG value was then used to update
the BO model, which informed the selection of the following
molecule.

Our multi-level BO approach progressively narrows the search
space through the three resolution levels. The optimization be-
gins with a broad exploration of low-resolution CS, identifying
coarse regions likely to contain molecules with favorable AAG
values. Insights from this stage inform the medium-resolution
search, allowing the algorithm to focus on more promising sub-
regions. This process is further refined at the high-resolution level
to pinpoint localized areas within CS that are most likely to yield
effective candidates. By leveraging information from the preced-
ing levels, the algorithm bypasses large areas of the CS landscape
that are unlikely to yield relevant molecules. Therefore, the num-
ber of required evaluations and the overall computational cost
are reduced. Figure 4 presents 2D projections of the encoded
CS (black) together with the evaluated molecules. Because each
resolution is encoded independently, the representations differ
and prevent a direct transfer of points. However, molecules can
be readily mapped across latent spaces by leveraging the known
mapping between bead types. The figure illustrates the funnel-
like optimization: as resolution increases, the search becomes
more focused, eventually concentrating on localized sub-regions
of chemical space. Many low-resolution candidates display unfa-
vorable AAG values or negligible effects on phase separation (yel-
low). In contrast, searches at medium and high resolutions in-
creasingly yield molecules with lower AAG values corresponding
to a more substantial impact on lipid demixing (orange to red).
Figure 5 further illustrates this trend, showing the distribution of
evaluated AAG values across the three resolution levels, includ-
ing the initialization points at resolution / = 1. Candidates from
the low-resolution optimization already show lower AAG values
relative to the initialization set. However, higher-resolution can-
didates generally exhibited even stronger phase-separation ef-
fects, with medium resolution peaking around —1 kcalmol~! and
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Fig. 4 Encoded chemical spaces and evaluated points for the three levels of resolution. The full chemical spaces are shown as kernel-density estimations

of latent spaces principal component analysis (PCA) projections (black). Evaluated molecules across the three resolutions are overlaid as colored points
(yellow to red), where lower AAG values indicate stronger lipid bilayer demixing. Due to separate encodings at each resolution, latent space points are
not directly transferable. (a) Optimization proceeds from broad, low-resolution exploration to (b) progressively focused searches in medium and (c)

high resolutions.

Multi-level Bayesian optimization

N
1

Ju—
1

AAG / kcal mol™*
[en]
1

I
—
1

T T T T
Initialization Low Medium High

Fig. 5 Distribution of AAG values for all evaluated candidates at differ-
ent stages of the multi-level Bayesian optimization process. Violin plots
show the distributions for the initialization set and candidates evaluated
at low, medium, and high-resolution levels. As the optimization pro-
gresses to higher resolutions, the distribution of AAG values progressively
shifts toward lower (more favorable) values. Horizontal bars indicate the
median of each distribution.

high resolution around —1.2kcalmol~'. The differences between
the low- and medium-resolution minima support our hypothesis
about the varying smoothness of the free-energy landscape across
resolutions.

The computational cost per simulation is the same across all
three resolutions. Consequently, the overall computational load
at each level is primarily determined by the number of evaluated
molecules. For non-inserting molecules, two of the four TI calcu-
lations can be omitted (see Section 2.6). As the lowest resolution
filtered out most non-inserting molecules, its average computa-
tional load per evaluation was slightly lower than at higher reso-
lutions.

We terminated the optimization after 73 high-resolution evalu-
ations, as no further improvement in AAG was observed. The 327

Fig. 6 CG structures of the best eight high-resolution molecule can-

didates identified in the optimization process. The molecules exhibit
low free-energy values (AAG) below —1.3kcalmol™!, indicating a strong
influence on phospholipid bilayer phase separation. All molecules are ex-
clusively composed of hydrophobic C4, C5, and C6 beads (in different
sizes, indicated by prefixes S/T), corresponding to Martini3 types for
alkenes, aromatic rings, and sulfide groups, respectively. Six of the eight
molecules have an extended/chain-like topology.

evaluated molecules correspond to less than 3 x 107* % of the
total high-resolution molecule space. While global optimality is
not guaranteed, the workflow identified multiple promising can-
didates with pronounced effects on lipid phase separation despite
limited evaluations.

3.2 Evaluation of Optimized Molecules

Following the overall optimization process analysis, we now focus
on the top candidate molecules with the lowest AAG values. As
the Martini3 CG model (without bead labels) 24 corresponds to
our high-resolution model, the optimized molecules do not pro-
vide atomistic details but reveal valuable insights into the chem-
ical moieties driving the phospholipid phase separation. The top
eight CG molecules, shown in Figure 6, all display AAG values
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below —1.3 kcalmol~!, with the best candidate at —1.4 kcalmol !
(top left of the figure). These results indicate a strong effect on
the phase separation. A consistent feature across all eight CG
molecules is the exclusive presence of hydrophobic C4, C5, and
C6 beads in varying bead sizes. These Martini3 beads corre-
spond to alkenes, aromatic rings, and thiol/sulfide groups, re-
spectively. 24 This observation aligns with Barnoud et al., who
showed that aromatic groups promote demixing, while aliphatic
groups (C1, C2, and C3 beads) favor phospholipids mixing.32 The
two distinct topologies shown in Figure 6 correspond to the two
prominent point clusters in the 2D projection of Figure 4c. While
each cluster contains molecules with a variety of topologies, the
highest-scoring molecules within them are predominantly of the
two topologies in Figure 6.

The highest-performing molecules at both low and medium res-
olution (see Section S2.4 of the Supplementary Information’) ex-
hibit more diverse topologies but share similar trends in bead-
type composition. While the low-resolution results already pro-
vide preliminary chemical insights, more detailed information—
such as the unfavorable contribution of C1, C2, and C3 beads—
only becomes evident through the inclusion of higher-resolution
models.

Directly measuring bilayer phase separation requires signifi-
cant simulation time and is therefore computationally expensive.
Instead, we estimated demixing effects from free-energy differ-
To validate this approach and confirm that the identi-
fied candidates indeed promote phase separation, we perform
1600ns MD simulations (in reduced CG units) of the best candi-
date (top left in Figure 6) in a ternary lipid bilayer system. Using
this method to evaluate the demixing effect required one to two
orders of magnitude more wall time than the free energy-based
scoring used for the optimization. As a reference, we employ
benzene, previously identified by Barnoud et al. 32 as a potent
driver of lipid bilayer phase separation. Following their protocol,
we use a solute/lipid mass ratio of 4.8% (see Section S2.5 of the
Supplementary Information® for composition details). Phase sep-
aration was quantified by tracking DLiPC and DPPC contacts over
the simulation trajectory. Figure 7 presents the evolution of these
contacts throughout the simulation, with dashed lines indicating
average values. Each trajectory’s initial 400 ns were discarded to
ensure equilibration. Additionally, a control simulation without
any added solute was conducted. Compared to this bilayer with-
out solutes, our best candidate substantially reduced DLiPC-DPPC
contacts, indicating a pronounced effect on bilayer demixing. Our
best candidate also outperforms benzene, producing a greater re-
duction in the number of contacts, suggesting a stronger influence
on phospholipid phase separation.

To identify relevant molecular features and design rules from
the set of optimized molecules, we applied LASSO regression
analogous to Mohr et al. 26 Derived rules could subsequently in-

ences.

form the design of atomistic structures. We analyzed single-bead
and bead-pair features across all molecules with AAG < 0, yield-
ing 85 features. Higher-order features were not included due to
the size of the dataset. Feature extraction and LASSO regression
details are provided in Mohr et al. 26 The top ten most relevant
molecular features, along with their regression coefficients, boot-
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Fig. 7 Time evolution of DPPC-DLIPC lipid contacts in ternary bilay-
ers over 1200ns CG MD simulations (excluding 400 ns for equilibration).
Three conditions are compared: a bilayer without solutes (black), a bi-
layer containing benzene as a known demixing agent (olive green), and
one with the top-performing optimized molecule from Figure 6 (cyan),
each at a solute/lipid mass ratio of 4.8%. Dashed horizontal lines indicate
mean contact numbers. The optimized molecule reduces DPPC-DLiPC
contacts more than benzene, demonstrating a stronger phase-separation
effect.

SIS

Fig. 8 Top ten most influential molecular features contributing to lipid
bilayer phase separation, identified via LASSO regression of the optimized
CG molecules with AAG < 0. Features were limited to single beads and
bead pairs. Each panel displays a feature's structure along with its corre-
sponding regression coefficient, bootstrapped uncertainty, and frequency
of occurrence within the dataset (number in parentheses). Features only
involve hydrophobic C4, C5, and C6 beads and pairs of differing bead

sizes.

strapped uncertainties, and frequencies of occurrence, are shown
in Figure 8. Consistent with our earlier analysis of the top eight
molecules, the most influential features involve hydrophobic C4,
C5, and C6 beads. Moreover, combinations of a regular-sized
and tiny or small-sized bead (indicated by T or S) appear rele-
vant. These derived features provide interpretable insights into
the physical interaction mechanisms that drive bilayer phase sep-
aration. They can be used to design atomistic molecular struc-
tures that exhibit the same phase separation behavior.

3.3 Comparison with Standard BO

Is multi-level BO computationally advantageous compared to BO
using only the high-resolution model? To address this, we per-
formed standard BO with the same number of initial points and
total evaluations as in the multi-level case. While BO is typically
benchmarked by averaging the cumulative best result across mul-
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Optimization step

Fig. 9 Progression of the AAG values during multi-level and standard BO
runs. Multi-level BO uses evaluations at low (blue), medium (magenta),
and high (green) resolutions, while the standard BO (orange) operates
only at the high resolution. Solid lines show the current best value during
the optimization. Initialization points are excluded. The multi-level case
accounts for the 15 extra evaluations for the low-resolution prior. Kernel
density estimates (right edge) reflect the distribution of best 50 high
resolution candidates. Multi-level BO consistently achieves lower AAG
values, as indicated by the shifted distribution.

tiple runs to reduce initialization bias, this is computationally in-
feasible for our bilayer demixing system. Instead, we compare
the distributions of obtained AAG values and the cumulative best
result within single runs. We provide a toy model comparison of
results averaged over multiple runs in Section S2.7 of the Supple-
mentary Information’. Figure 9 presents the progression of the
best AAG values for both optimization approaches. The diagram
excludes the 50 initialization points and accounts for the 15 addi-
tional evaluations required to construct the low-resolution prior
for the multi-level approach. The multi-level BO consistently out-
performs the standard BO, achieving superior cumulative best
values (solid lines) across all resolution levels. Additionally, the
distribution (based on the best 50 molecules) and scatter plots
in orange and green highlight that multi-level BO not only finds
a better overall candidate, but multiple candidates with signifi-
cantly lower AAG values than the standard BO optimization. The
peak of the multi-level BO distribution is shifted toward lower
AAG values compared to the standard BO optimization.

3.4 Chemical Neighborhood Sizes Across Resolutions

Our multi-level BO algorithm relies on the assumption that the
free-energy landscape over the learned chemical representations
is smoother at lower resolutions. To test this, we introduce the
concept of chemical neighborhoods and analyze their sizes across
different resolution levels. We define a chemical neighborhood as
a region in chemical space containing similar molecules. Similar-
ity implies that known properties about one molecule help pre-
dict properties of its neighbors. Here, neighborhood size is de-
termined by the lengthscale £ of an RBF kernel fitted in a GP re-
gression. This length scale quantifies correlations between points
in the latent space and is thus an intrinsic measure of chemi-
cal neighborhood size. To obtain the &;, we fit independent GP
models to the evaluated molecules at each resolution level, ex-
cluding lower-resolution priors to prevent bias. Neighborhood
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Fig. 10 Chemical neighborhood sizes across different CG resolutions of
CS. The chart shows the number of molecules within a chemical neigh-
borhood at low (blue), medium (pink), and high (teal) resolution, derived
by fitting the lengthscale of a GP RBF kernel to the evaluated molecule
data. The total number of molecules is shown in gray. Lower-resolution
neighborhoods are mapped to higher resolutions by considering average
molecule densities. These different neighborhood sizes reflect the varying
smoothness of the free-energy landscape across different CS resolutions.

size is then calculated as the average number of neighbors within
a distance d, where d = a& and a = 0.5 determines the re-
quired similarity for a chemical neighborhood. Figure 10 shows
relationships between the obtained neighborhood sizes, the to-
tal number of molecules in the chemical space, and neighbor-
hoods from lower resolutions mapped to higher resolutions (ex-
act numbers in Section $2.6 of the Supplementary Information™).
Considering the logarithmic scale of the y-axis, we observe that
neighborhood sizes span several orders of magnitude across the
three resolutions. When mapped to medium or high resolu-
tion, low-resolution neighborhoods with about 249 molecules
expand to about 18,600 and 378,000 molecules. Similarly, a
medium-resolution neighborhood with about 23 molecules maps
to a neighborhood of 468 molecules at high resolution. This
exponential scaling suggests that prior information for many
high-resolution molecules can be inferred from relatively few
Section S2.8 of the Supplemen-
tary Information’ further illustrates this by showing the cover-
age of the higher-resolution latent spaces by mapping evaluated
molecules from the lower resolutions. These results support our
assumption of a smoother free-energy landscape at lower resolu-
tions.

low-resolution evaluations.

4  Conclusions

This work introduces a multi-level Bayesian optimization (BO)
framework for efficient exploration of chemical space (CS). Our
method employs multiple levels of coarse-graining to exploit
the varying smoothness of free-energy landscapes across differ-
ent model resolutions. By informing the optimization process
at higher resolutions with prior knowledge from lower resolu-
tions, we accelerate the search for optimal molecules. Our BO-
based algorithm combines information from multiple resolutions
in a Bayesian manner, enabling a funnel-like optimization pro-
cess through CS. This approach allows us to bypass irrelevant
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regions of CS at higher-resolution representations, substantially
reducing the number of required molecule evaluations and the
overall computational cost. We demonstrate the effectiveness of
our method by identifying small coarse-grained (CG) molecules
that enhance phase separation in a ternary lipid bilayer. Despite
evaluating only approximately 3 x 10~* % of the total number of
high-resolution molecules and assuming no prior knowledge of
relevant CS regions, we successfully identified several candidates
with a significant impact on lipid bilayer phase separation. Our
multi-level approach outperforms standard BO, achieving a bet-
ter overall best result and obtaining a significantly shifted distri-
bution of evaluated molecules toward stronger effects on phase
separation. The optimized CG molecules enable us to extract
relevant molecular features and design rules. Our analysis of
chemical neighborhood sizes at different resolutions confirms the
assumption of smoother free-energy landscapes at lower resolu-
tions. Notably, obtained neighborhood sizes vary by several or-
ders of magnitude, allowing us to get prior information for many
molecules at high resolution from a small number of evaluations
at low resolution.

In this study, we limited our funnel optimization to the CG level
and thus did not derive atomistic structures for the identified can-
didates. Similar to Mohr et al., atomistic structures could be
reconstructed based on the extracted molecular features.2® No-
tably, these features provide an intuitive and interpretable sum-
mary of the key chemical factors, providing valuable insight into
the underlying physical interaction mechanisms. Moreover, the
atomistic resolution could be integrated directly into our multi-
level optimization framework. Since each CG bead maps to 10>—
10* atomistic fragments,>* the atomistic chemical space is vastly
larger. Combined with evaluation costs two to three orders of
magnitude higher, 650 this poses challenges. Nevertheless, these
cost differences enable approaches like multi-fidelity BO,27-30 and
high-resolution CG results generally provide an efficient starting
point that reduces the number of required atomistic evaluations.

A limitation of our multi-level BO method is its reliance on a
hierarchical relationship between resolutions, with higher reso-
lutions required to exhibit sufficient complexity. Although multi-
level BO improves efficiency over standard BO for complex opti-
mization landscapes, it may underperform on simpler problems.
In our application, the target function—mapping the learned la-
tent representation of CS to free energy—is sufficiently complex
and non-smooth to benefit from the multi-level BO strategy. Fur-
ther work is needed to identify optimal complexity hierarchies
and resolution-level differences, which could further enhance ef-
ficiency. Another limitation is the increased complexity in imple-
mentation and hyperparameter tuning. Multi-level BO requires
setting hyperparameters for each resolution, as well as additional
parameters for resolution switching. Nevertheless, these hyper-
parameters are primarily related to the chemical space and can
thus be transferred across different molecular optimization tasks.

Beyond its demonstrated application in lipid bilayer phase sep-
aration, our multi-level BO framework can solve other optimiza-
tion problems characterized by free-energy differences. We ex-
pect our method to be particularly advantageous in applications
with little prior knowledge or training data. Furthermore, inte-
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grating our method with a FAIR®7 data infrastructure and auto-
mated simulation workflows, such as Martignac, 68 will enhance
data management, reproducibility, and end-to-end automation,
thereby making the multi-level BO approach more systematic and
streamlined.

Our work provides a versatile and efficient molecular design
and optimization framework, offering a promising direction for
tackling complex chemical search problems.
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The code for the multi-level Bayesian optimization workflow, the simulation setup, the analysis,
and the autoencoder training, as well as the autoencoder models and free-energy results, can
be found at https://github.com/BereaulLab/Multi-Level-BO-w-Hierarchical-CG. A representative
subset of the simulation data is available on NOMAD at DOI:10.17172/NOMAD/2025.05.27-1.
We also provide a tutorial showcasing the main concepts of this paper through a simple two-
bead molecule optimization: https://github.com/Bereaulab/Molecule-Optimization-w-
Hierarchical-CG-Tutorial.



https://github.com/BereauLab/Multi-Level-BO-w-Hierarchical-CG
https://doi.org/10.17172/NOMAD/2025.05.27-1
https://github.com/BereauLab/Molecule-Optimization-w-Hierarchical-CG-Tutorial
https://github.com/BereauLab/Molecule-Optimization-w-Hierarchical-CG-Tutorial
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5sc03855c

