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Evolutionary and machine learning methods have been successfully applied to the generation of molecules
and materials exhibiting desired properties. The combination of these two paradigms in inverse design tasks
canyield powerful methods that explore massive chemical spaces more efficiently, improving the quality of
the generated compounds. However, such synergistic approaches are still an incipient area of research and
appear underexplored in the literature. This perspective covers different ways of incorporating machine
learning approaches into evolutionary learning frameworks, with the overall goal of increasing the

optimization efficiency of genetic algorithms. In particular, machine learning surrogate models for faster
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learning based crossover operations, and evolution in latent space are discussed. The further potential of
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Introduction

One of the main goals in materials science is the discovery of
new chemical compounds that exhibit certain properties that
make them optimal for specific applications. There is a constant
demand for such new and improved materials in many different
research areas and examples include the fields of drug design,**
catalysis,*® and battery research.'*** The virtually infinite size
of the chemical space however, makes an exhaustive search
impossible and dictates the use of efficient optimization
methods that suggest candidate compounds by leveraging
existing knowledge about the domain of interest. These gener-
ative models tackle the inverse design problem, where the
objective is to find solutions that optimally satisfy a set of
requirements imposed by a given specification.* Evolutionary
approaches in particular, are inspired by Darwinian evolution
and operate on a population of solutions that is evolved in order
to incrementally produce solutions that better fit these
requirements. In chemistry and materials science, evolutionary
approaches have been adopted already early in the 1990s," for
example in the de novo design of polymers,'® proteins’” and
refrigerants.'® With the explosion of (deep) machine learning in
the 2010s, these endeavors have somewhat been neglected in
favor of other generative methods based on artificial neural
networks (ANNs) such as recurrent neural networks,'** varia-
tional autoencoders,”*>* normalizing flows,>>” and diffusion
models.?®° Nonetheless, these models often times fall short in
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real world applications because they do not include relevant
constraints like limited training data and computational
resources or the synthetic accessibility of the generated mole-
cules.** Evolutionary approaches, on the other hand, require
only little initial data, exhibit higher computational efficiency*
and their optimization aim can be easily modulated to incor-
porate additional constraints. They furthermore have the ability
to explore truly new regions of chemical space whereas ANN-
based approaches tend to be limited to molecules that are
similar to the training set. There recently has been an uptake in
interest for evolutionary optimization in chemistry, with
successful applications to diverse problems including the
design of mechanosensitive conductors,* organic emitters,**
polymers,**” drug-like molecules,*®*" and catalysts.***¢

Given the success of both evolutionary and machine learning
in materials science, it is natural to investigate the combination
of both approaches. While being an incipient area of research
still in its infancy, efforts have been made to explore the
synergies and some very promising advances have already been
achieved.

In this perspective we will first give a brief introduction to
evolutionary learning (EL) and in particular genetic algorithms
(GAs). Next, we will review a series of studies on materials
optimization using hybrid approaches that utilize techniques
from evolutionary and machine learning. Finally, we conclude
with a short summary and discuss opportunities for further
developments and applications.

GAs, first popularized by Holland in the 1970s,*” are one of
many different types of EL algorithms and are commonly used
in materials science for the de novo design of materials and
molecules.®® Like all other types of EL approaches, they are
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generic and heuristic optimization algorithms that make no
prior assumptions about the solution domain. GAs are inspired
by Darwinian evolution and draw concepts from evolutionary
biology such as mutation, recombination, and selection. The
underlying key idea of GAs is that evolution is dictated by two
competing forces: variation, which pushes the population
towards novelty, and selection, which pushes the population
towards quality. Combining both forces in an iterative optimi-
zation scheme leads to an efficient search strategy that balances
exploration and exploitation in solution space. The efficiency of
GAs is due to the heuristic nature of selection and recombina-
tion operations, that leverage the best partial solutions to
construct better solutions. This makes them ideal for exploring
chemical spaces that are usually large and diverse. On the flip
side however, this also means that GAs are non-deterministic,
meaning that they are not guaranteed to converge to the
global optimum.

In the following, the basic building blocks of GAs are briefly
described. The literature provides comprehensive overviews
and discussions on the essential building blocks of GAs** and
their applications to chemistry and materials science.*®

GAs operate on a set of solutions called the population, that
is iteratively optimized to yield higher quality solutions over the
course of multiple generations. Following the language of
evolutionary biology, the solutions are also called individuals,
which in chemistry and related fields usually represent mole-
cules or materials.*® In each generation, new offspring solutions
are created by applying genetic operations that combine infor-
mation of the currently best performing solutions (exploitation)
and introduce random mutations (exploration). The newly
generated offspring solutions then compete against the solu-
tions of the previous population, and only the best performing
solutions are carried over to the next generation. This process is
repeated until some sort of convergence criterion is met (often
times simply a maximal number of iterations).*** There are
four main building blocks to any GA that can be adapted in
order to modify the evolution behavior in terms of the search
space, optimization target, selection pressure, and diversity
control:

e Chromosome: defines the representation of the solutions.

¢ Fitness: measures the quality of the solutions.

e Genetic operations: create new solutions from existing
ones.

e Selection: selects individuals of the population based on
their fitness.

This modular nature makes GAs ideal for applications in
chemistry and materials science where optimization tasks are
usually problem specific and diverse.*® All solutions in a GA
share a common, underlying structure that completely defines
their traits. In technical terms, this is represented as an array
where each cell corresponds to a different property of the
solution. These cells are referred to as the genes, which in the
array, form the chromosome, expressing properties of
a problem-dependent nature. The chromosome usually has
a fixed length and its cell values can be of different data types
(e.g- boolean, integer or float). During evolution, new offspring
solutions will be created by applying genetic operations to the
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chromosome. Therefore, all chromosome values are usually
constrained to be of the same data type so that meaningful
recombination operations between them can be defined.**° In
applications to chemistry and material science the chromosome
is the molecular representation.** Most commonly used are line
notations such as SMILES® that represent molecules using
a single cell of data type string.

The quality of a solution is measured in terms of a so-called
fitness that reflects how well it satisfies a specified set of
requirements. Thereby, it essentially defines the optimization
objective and is determined by the specific problem to be
solved. The fitness is a real valued function of the chromosome
that can be thought of as a hyper-surface on which the GA tries
to find (local) optima. In multi-objective optimization
settings®**! it is a vector, where each dimension corresponds to
a different property of interest. Calculation of the fitness is
usually the computational bottleneck of GAs and since it is
evaluated multiple times per generation, its choice has signifi-
cant implications on the overall computational cost and
performance.*>*°

Genetic operations are used to generate new offspring solu-
tions in each generation and push the population towards
novelty. They can be subdivided into two groups, crossover and
mutation, which are usually performed in sequence. First, the
genomes of two parent solutions are recombined in a crossover
operation to form an offspring solution that then is further
modified by a random mutation. However, there also exist
variations to this process in which either crossover or mutation
operations alone are used in order to obtain offspring solu-
tions.*>*° The crossover propagates characteristics of the parent
solutions to the offspring. Together with parent selection, it
ensures that genetic information of well performing solutions is
carried over to the next generations. There exist different
implementations, such as the single point crossover in which
the two parent chromosomes are split at a random position and
then exchange genes.*»** Mutations, on the other hand, usually
introduce completely new genetic information in a random
fashion, which ensures diversity in the explored solutions.
There are many different implementations for such mutation
operations, one example is the single point mutation that
randomly changes a single gene in a solution's chromosome.
Mutations can also be defined according to a predefined rule,
for example the swap mutation switches the values of two
genes.**°

Selection pushes the population towards quality by dis-
carding badly performing solutions. Selection is performed
twice in each generation, once to determine which solutions are
recombined to create new offspring (parent selection), and once
to determine which solutions proceed to the next generation
(survivor selection). The selection rules are usually stochastic
and dependent on the solutions fitnesses so that the fittest are
more likely to be selected. This ensures that the population
evolves towards better performing solutions while maintaining
some level of diversity.**°

In chemistry and materials science, GAs are known to be
efficient optimization tools, aiding the exploration of large
chemical spaces of diverse nature.*”*** An important
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contribution to the field is the graph-based GA (GB-GA)*” that
utilizes the graph representations of molecules to define cross-
over and mutation operations offering an alternative to the more
common string based SMILES representation.* Recent advances
include the PL-MOGA® that facilitates the directed, multi-
objective optimization of transition metal complexes, and
GAMaterial®® which enables the machine learning (ML) acceler-
ated optimization of materials and others.******7* Furthermore,
GAs have been used for the optimization of molecular structures
and conformer search. For example in the automated interaction
site screening (aISS)’> approach, that finds accurate aggregate
geometries, such as dimers, at low computational cost.

Surrogate fitness functions

When evolving molecules and materials, the fitness function is
often times expensive and difficult to evaluate. This can be due
to the fact that values have to be determined experimentally,
which can be challenging in computational approaches, or
require doing calculations at an expensive level of theory, such
as density functional theory. Therefore, an obvious remedy is to
replace the fitness function with a cheaper machine learning
model that is fitted to previously existing data. These surrogate
models of the fitness” have the ability to drastically reduce the
computational cost. Examples of appropriate machine learning
methods include but are not limited to linear regression,
support vector machines, random forests, and ANNs. The
applicability of surrogate models is contingent upon on their
predictive accuracy because unreliable fitness values impede
the evolutionary optimization progress. Especially for large
chemical spaces it can be difficult if not impossible to build
a surrogate model with general applicability and sufficient
accuracy. This highlights the importance of careful model
selection and validation.

Janet and co-workers demonstrated the efficiency of an ANN-
based fitness function in the evolutionary optimization of spin-
crossover complexes with a characteristic near-zero free energy
difference between high (H) and low (L) spin states (i.e. the spin
splitting energy).” In previous work,” the authors had trained
an ANN for predicting spin splitting energies on 2690 relaxed
transition metal complexes achieving a root mean squared error
of 3 keal mol . This prompted the use of these models as
a surrogate function in an EL framework for the discovery of
spin-crossover complexes. The authors adapted a GA proposed
by Shu and co-workers™ that models molecules as hierarchical
trees where each node represents a molecular fragment and the
edges are the chemical bonds connecting them. With a specific
set of connection rules, a chemical space of 5664 single-center
transition metal complexes could be represented, using 32
diverse, organic ligands. The fitness was modeled with the
exponential function

AEy 1\’
F= - 1
exp< (A) 1)
where AEy_;, denotes the spin splitting energy, and Awy_y,
denotes a control parameter used to regulate how strongly the
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fitness decreases for increasing values of AEy ;. Instead of
relying on expensive DFT calculations, the spin splitting ener-
gies were predicted using the previously trained ANN.” In each
generation, parents were chosen by roulette wheel selection
with selection probabilities proportional to the absolute fitness
values. Crossover operations were defined by an edge breaking
operation in the parents and a subsequent exchange of the
resulting subtrees. In each generation, five of these crossovers
were performed before randomly mutating each tree fragment
with a probability of 0.15. The mutation operation replaced the
respective fragment with randomly selected fragments that lead
to a valid tree according to the connection rules. Survivor
selection was done deterministically by choosing the complexes
with the highest fitness values from the combined pool of
current and new offspring individuals.

The authors further proposed two additions to this standard
GA framework: a diversity control mechanism to prevent evolu-
tionary stagnation and a distance penalty to account for low
prediction confidence of the ANN for data points very different
from the training data. Their proposed diversity control mecha-
nism increases the mutation probability to 0.5 if the ratio of
unique complexes in the current generation falls below 25%. The
increased mutation rate pushes the GA to explore new regions in
the chemical space and thereby prevents the GA from getting
stuck in a local optimum. The distance penalty is motivated by
the observation that ML prediction results tend to become
unreliable for data points very different from the training data. In
a GA where the fitness is based on surrogate predictions, poor
predictive performance can hinder evolution and lead to poor
final results. Therefore, using model uncertainty to estimate the
surrogate accuracy can be useful to avoid basing evolution on
overconfident fitness predictions.”” In previous work,” the
authors showed that a large distance in feature space is a potent
indicator of model accuracy (Fig. 1) and successfully used it with
a set of features that emphasizes metal-proximal properties.

This approach was employed here: in order to discourage
sampling of candidates with large distances to the training
data, the authors introduced a modified fitness function

reen(- (5 Jen( (1)) @

where, the second term is an exponential penalty term with
d denoting the candidates average distance to the training data
points in the MCDL-25 descriptor space,” and d,, denoting
a control parameter used to scale the distance penalty. In later
works,”® the authors propose an alternative approach that
utilizes the distance in latent space (Fig. 1) instead of feature
space, which has the advantage of being less sensitive to feature
selection.

They benchmarked four different variants of the GA: (1) the
standard GA, (2) GA with diversity control, (3) GA with distance
penalty, and (4) GA with both diversity control and distance
penalty. In all cases, the GA was initialized with a random
selection of 20 complexes and run for a total of 21 generations.
The standard GA quickly converged due to a single candidate
completely dominating the solution. The GA with diversity

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Features

Latent space

Property

Fig.1 ANN-based surrogate function using the distance in latent space as a measure for uncertainty. Points that are close in feature space might

not necessarily be close in latent space.

control exhibited a slightly higher diversity in the final pop-
ulation while approaching fitness values to those of the stan-
dard GA. However, both the standard GA and the diversity-
controlled GA converged towards candidates with on average
large distances to the training data and therefore low prediction
confidence. Introducing the distance penalty term in the fitness
function lead to candidates with 50% lower mean distances to
the training data at the cost of a 25% reduction of the mean
population fitness. With this approach, the authors could ach-
ieve both higher diversity in the final candidates as well as fairly
small mean distances to the training data. With ~50 repeats of
the GA, roughly half of the design space could be sampled using
the standard and diversity-controlled approach. With the
combined control strategy, 80% of the lead compounds could
be identified, which constitutes an increase of ~30% compared
to the standard GA. The majority of missed lead compounds
had large distances to the training data, indicating that the
distance penalty term works as intended and discourages
exploration in areas of low confidence, which nonetheless
contain a small proportion of the leads.

In order to estimate the robustness of the ANN-based fitness,
the authors determined the accuracy of the surrogate model for
a subset of lead compounds identified by the GA. Relative to
DFT, they obtained an average test error of 4.5 kcal mol ",
which is moderately higher than the model baseline error of
3.0 kcal mol™". For complexes that were very similar to the
training data, the observed mean error was 1.5 kcal mol .
Furthermore, two thirds of the ANN lead compounds could be
validated by DFT optimization, though including solvent effects
and thermodynamic corrections reduced this ratio to one half.
According to the authors, these findings demonstrated

© 2024 The Author(s). Published by the Royal Society of Chemistry

sufficient predictive performance of the ANN fitness for its use
in evolutionary design applications.

In their conclusion, the authors emphasized the massive
gains in terms of computational efficiency compared to
a traditional GA with a DFT-based fitness function that would
require up to 30 days of computing walltime. However, the
computational cost associated with acquiring the training data
(here roughly 50% of the investigated space) remains a signifi-
cant contribution. They furthermore noted that the observed
ANN errors in the final populations could be reduced by
decreasing d,p: and discussed options for leveraging low-
confidence candidates to retrain the surrogate model on-the-
fly, in order to improve the predictive accuracy of the model
in subsequent generations.

Forrest and co-worker” made use of similar concepts for the
evolutionary optimization of alloy compositions with respect to
their glass forming ability. Instead of a single ANN, they used an
ensemble of ANNs as a surrogate fitness function in order to
facilitate predictions of relevant properties such as the
temperature of the crystallization onset. Further, Kwon and co-
workers® utilized a surrogate model in an evolutionary
approach to optimize the maximum light-absorbing wave-
lengths in organic molecules. Since their evolutionary algo-
rithm operated directly on bit-string fingerprint vectors®* they
furthermore used a separate RNN to decode them into chemi-
cally valid molecular structures.

Bayesian surrogate models

A common issue with machine learning surrogate fitness
functions is that the initial data that the model is trained on,

Chem. Sci., 2024, 15, 15522-15539 | 15525


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4sc02934h

Open Access Article. Published on 11 sentyabr 2024. Downloaded on 03.10.2024 06:28:13.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Chemical Science

might not cover the whole chemical space the GA tries to
explore. This will lead to low predictive quality which, in turn,
hinders the evolutionary progress and causes overall poor
results. As in Janet and co-workers work’*”> this can be
accounted for in the fitness function by discouraging explora-
tion of solutions that are very different from the corresponding
training data. An alternative approach to this problem is the so-
called active learning framework in which new training data is
acquired on-the-fly from a reference function in order to
subsequently refit the surrogate model to this extended dataset.
In order to minimize the number of times the expensive refer-
ence function has to be evaluated, the data points to be
acquired should be selected with care. One possible approach
for this is to use a Bayesian machine learning model that
additionally gives an uncertainty estimate, quantifying the trust
the model has in its prediction. If the uncertainty for a given
data point is higher than a specified threshold, it should be
acquired with the reference function and added to the training
data. This ensures that no unnecessary reference function
evaluations are performed and efficiently generates a dataset
that covers the chemical space of interest. While Bayesian
learning methods are the most straightforward way of obtaining
uncertainties other approaches for uncertainty estimation exist
and often times bear the advantage of lower computational
cost.”® The general active learning workflow in the context of
evolutionary learning is illustrated in Fig. 2. While the active
learning framework has been thoroughly explored for applica-
tions in chemistry and materials science,®*® its combination
with GAs is still a fairly new and unexplored area of research.
In their 2019 study,* Jennings and co-workers showcased
such a model by investigating the atom ordering of a 147-atom
Mackay icosahedral structure.®® They considered all possible
compositions Pt,Auy,;_ for all x € [1, 146]. The optimization
goal was to locate the hull of minimum excess energy

Input molecule
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configurations for all compositions as calculated by the Effec-
tive Medium Potential (EMT) potential,® which served as the
fitness. The authors defined a traditional GA that operates on
the configuration of Pt and Au atoms. Cut and splice crossover
functions®® as well as random permutation and swapping
mutations were used to create new offspring configurations.
The crossover and mutation operations were set up to be
mutually exclusive, meaning that offspring was created using
either one or the other method. Parents were selected with
aroulette wheel selection scheme based on the fitness values. In
order to ensure that all compositions were searched, the
authors furthermore employed a niching scheme in which
solutions are grouped according to their composition. Their
fitness was then determined per niche and the best configura-
tions per composition niche were given equal fitness.

For the surrogate model they employed Gaussian process
(GP) regression, the most commonly used method in Bayesian
optimization. They employed the squared exponential kernel
defined as

’ 1 102
() =exn( - gyalle—+TF) ()

where x and ¥ denote the feature vectors to compare, |||
denotes the Euclidean distance, and w is a hyperparameter
defining the kernel width. The inputs to the model were
numerical fingerprints that described the chemical ordering
within a composition based on the number of nearest neigh-
bors. In particular the feature vector for each configuration was
given by

Nyx Nyy Nyy.

A R .

fd:

where N denotes the number of atoms, M denotes the overall
mass, and Ny, denotes the number of bonds between atom
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Fig. 2 Conceptual workflow of a Bayesian surrogate fitness functions. Data points with high prediction uncertainties are acquired using a high

fidelity reference method and added to the training dataset.
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types X and Y. The model was trained on relaxed structures even
though predictions used the unrelaxed structures. The authors
justified this by the fact that their set of descriptors is invariant
to small changes in the geometries.

The authors began by setting up a baseline run using
a traditional GA using the EMT potential as a fitness function
and no surrogate model. With roughly 16 000 fitness evalua-
tions the GA was able to locate the convex hull, which is already
a massive improvement compared to the brute-force approach
that would require 1.78 x 10" energy evaluations. They
continued by setting up an ML accelerated approach based on
a nested GA in which the GP-based surrogate fitness function is
used. In each iteration the current population in the main GA
was passed to the nested GA in which solutions were evolved
solely based on the prediction of the GP model trained on the
current data. After a number of iterations the evolved pop-
ulation was passed back to the main GA where the true fitness of
candidates is calculated with the EMT potential before applying
recombination and selection as in the traditional GA. The
calculated EMT fitness was furthermore used to retrain the GP
model improving its predictive accuracy for the next run of the
nested GA. After survivor selection, the population from the
main GA was again passed to the nested GA for evolution. The
algorithm was terminated when the nested GA did not find any
candidates that improved the population. With the ML accel-
erated GA the authors reported to find the convex hull within
1200 energy evaluations, which constituted about 7.5% of the
amount needed in the traditional GA. While in total more
structures were checked, most of them were only evaluated
using the cheap GP model and only few were calculated with the
expensive EMT potential.

The authors furthermore presented this alternative fitness
function based on a candidates probability of improving upon
the currently best known solution:

1 ’ E - E €s!
P(EY < Ebest) = \/?TE J exp( — %) dx (5)

Here, E, and Eyps denote the EMT energies of the candidate x
and the currently best known solution respectively, and E, and
@, denote the GP-predicted energy and variance, respectively.
In this way, the uncertainty of the prediction is included in the
fitness function, which encourages the nested GA to also
explore unknown regions of the search space. This definition of
the fitness is akin to acquisition functions in active learning
frameworks, such as the expected improvement score.’* Using
this approach, the authors reported to find the convex hull with
only 280 required energy calculations indicating its superior
ability to efficiently sample the solution space.

Finally, the authors replaced the EMT potential with a more
accurate DFT calculation and repeated the experiments in order
to prove that the obtained results were not an artifact of the
EMT potential. The results showed that a performance similar
to that observed with the EMT potential could be achieved,
requiring ~700 DFT evaluations.

Overall, this work demonstrated a significant speed-up with
their ML accelerated GA and motivated further improvements

© 2024 The Author(s). Published by the Royal Society of Chemistry
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by proposing a way of including geometry optimization with
additional genetic operators acting on the atomic coordinates.

Ensuring population diversity

Sufficient exploration of the chemical search space is a key
challenge when employing GAs for the de novo design of
molecules and materials. Often times the optimization can get
stuck in local optima due to low diversity in the population of
solutions, which prevents the GA from exploring all relevant
regions in the search space. This leads to slow convergence and
overall poor results. Therefore, an efficient, on-the-fly manage-
ment of the population diversity is essential in order to ensure
comprehensive sampling of the chemical space.

To tackle this problem with an ML approach, Nigam and co-
workers proposed an augmented GA architecture that includes
an ANN with the explicit task of increasing the populations
diversity.”” They modeled the fitness as a linear combination of
the molecular property to optimize (/) and a discriminator score
(D) that measures the novelty of the molecule m:

F(m) = J(m) +  x D(m) (6)

where ¢ denotes a hyperparameter that is used to control the
weight of the discriminator score and J was chosen to be the
penalized logarithm of the water-octanol partition coefficient
defined as

J(m) = log P(m) — SA(m) — RP(m) 7)

where log P denotes the logarithm of the water-octanol parti-
tion coefficient, which is the actual target, SA denotes
a synthetic accessibility penalty,”® and RP denotes a penalty for
rings with more than 6 atoms. The GA operates directly on the
so-called SELFIES®*** strings that represent the different mole-
cules. Compared to the more traditional SMILES strings,*
SELFIES are defined in terms of a formal grammar c