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Abstract—Inspired by the evolution of biological systems,
genetic algorithms have been applied to generate solutions for
optimization problems in a variety of scientific and engineering
disciplines. For a given problem, a suitable genome representation
must be defined along with a mutation operator to generate
subsequent generations. Unlike natural systems which display a
variety of complex rearrangements (e.g. mobile genetic elements),
mutation for genetic algorithms commonly utilizes only random
point-wise changes. Furthermore, generalizing beyond point-wise
mutations poses a key difficulty as useful genome rearrangements
depend on the representation and problem domain. To move
beyond the limitations of manually defined point-wise changes,
here we propose the use of techniques from masked language
models to automatically generate mutations. As a first step,
common subsequences within a given population are used to
generate a vocabulary. The vocabulary is then used to tokenize
each genome. A masked language model is trained on the
tokenized data in order to generate possible rearrangements (i.e.
mutations). In order to illustrate the proposed strategy, we use
string representations of molecules and use a genetic algorithm
to optimize for drug-likenss and sythesizability. Our results show
that moving beyond random point-wise mutations accelerates
genetic algorithm optimization.

I. INTRODUCTION

Built upon the principles of mutation and selection observed
in natural systems, genetic algorithms provide a useful opti-
mization method for a variety of problems across multiple sci-
entific and engineering disciplines [1]-[4]. One key advantage
of genetic algorithms is the flexibility to choose a problem
specific mutation operator and optimization objective, without
the need for differentiability. For example, in novelty search,
subsequent generated are selected based on the distance of
current candidates from previously generated solutions [5].
The flexibility of genetic algorithms, however, can also make
applications in new scientific domains difficult, as an appro-
priate genome representation, mutation operator, and fitness
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objective must be determined based on research intuition or
domain expertise [3], [6].

One area where genetic algorithms have seen notable suc-
cess is computer-aided drug design [2], [7]-[9]. Previous
work has utilized hand-crafted mutation rules (e.g. adding an
atom, switching an atom type) coupled with selection based
on diversity to explore and characterize chemical space [7].
More recently, multiple investigations have shown that genetic
algorithms based on different molecule representations can
achieve state-of-the-art results for molecule generation tasks,
even outperforming current machine learning techniques [8],
[9]. Furthermore, intermediate generations during optimization
can be tracked and analyzed to better understand beneficial
changes for complex optimization metrics.

Despite the many advantages of utilizing genetic algorithms
for molecule optimization, the determination of hand-crafted
rules for mutation still provides a major difficulty. For ex-
ample, the appropriate ratio for different mutation types (e.g.
change atom type, create a ring, etc...) must be determined
for a given optimization function [7]. Furthermore, for manual
rules, mutations are often restricted to single atom changes [7],
[8], excluding the benefits and diversity produced by larger
subsequence rearrangements. Although researcher expertise
may generate reasonable mutation operators, in principle hand-
crafted rules do not generalize well to new problems or
domains.

In order to address the key challenges of automating the
mutation operator and extending mutations to utilize larger
subsequences, we take inspiration from advances in natural
language processing (NLP). Recent NLP models (e.g. BERT)
have relied upon tokeniztion and mask prediction to leverage
large amounts of unlabeled text data for training [10]. The
process of tokenization is necessary to construct a vocab of
fixed size to capture all possible words encountered by the
model. One popular method, WordPiece tokenziation [11],
[12], builds a vocabulary from each character encountered.
Then, commonly occurring subsequences (i.e. greater than
length 1) are added to the vocabulary until a specified size is
reached. Notice that a token in the vocabulary may represent
multiple characters.

After determining the vocabulary, input text sequences in the
training data are tokenized. To train the model, random tokens
from a given text sequence are masked (i.e. replaced by a mask
token), and the training loss is determined by how well the
model correctly reproduces the original text sequence from the
masked sequence [10]. After training on a large unsupervised
dataset, the model is then typically trained on smaller fine-
tuning tasks for evaluation on specific applications [10], [13],
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Fig. 1. Strategy to use a masked language model to mutate molecule
sequences. First, a given molecule is tokenized (i.e. split into commonly
occurring subsequences). Second, certain tokens are masked. Finally, the
masked language model ranks possible replacements for the mask, providing
possible mutations.
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[14]. For practical NLP models, additional tasks beyond mask
prediction may be incorporated into the training as well [10],
[13], [14].

Here, we present a strategy to incorporate tokenization and
mask prediction into genetic algorithms to move beyond ran-
dom point-wise mutations (Figure 1). Tokenization determines
common subsequences that are then represented as a single
token by the model. During mask prediction training, the
model learns viable combinations of tokens based on context,
enabling the ranking of possible mutations. Tokenization and
model mask prediction are thus combined to form an auto-
mated mutation operator.

To test our approach to automate the mutation operator and
incorporate longer subsequence rearrangements, we consider
drug molecule string (i.e. smiles) optimization as a use case.
We utilize a large compound library [15] as training data
for the tokenization and mask prediction model training.
To isolate the impacts of tokenization and mask prediction
on optimization performance, we generate vocabularies with
different constraints. As a control, we consider a standard
vocabulary for smiles strings that represents individual atoms.
We then include vocabularies that allow longer subsequences
to be represented as a single token. As a final test, we
utilize iterative training of a mask prediction model without
the use of a large compound library. Our results show that
enabling subsequence rearrangement beyond single characters
in an automated mutation operator improves performance of
a genetic algorithm for molecule optimization.

II. RELATED WORK

Genetic algorithms have been used in multiple ways to
generate drug-like molecules. A systematic search of chemical
space was performed using hand-crafted rules for mutation and
recombination [7]. Molecules were selected based on a diver-
sity criteria during generations of the search. Other studies
have utilized graph-based or smiles-based representations of
molecules to optimize a given drug-related metrics [6], [8].

In each investigation, a set of hand-crafted rules were deter-
mined and applied for molecule mutations. Comparisons with
alternative optimization techniques have shown that genetic
algorithm-based optimization performs well favorably across
a range of molecule generation tasks [9].

Several variations of ML models have been proposed for
molecule generation tasks, including generative adversarial
networks and recurrent neural networks [16]-[18]. Similar to
studies with genetic algorithms, multiple representations of
molecules have been used for training data, including graphs
and smiles strings [16], [17]. For models that rely on a string
representation, typically a given molecule is tokenized per
character (or per atom) [16], [19]-[21]. No investigation has
been done into the performance of text based models allowing
different subsequence lengths for the vocabulary.

Since the introduction of BERT [10], several investigations
have been made in training a transformer model on molecule
data [22]-[27]. Similar to text applications, the trained model
was applied on fine-tuning tasks concerning chemical property
prediction [22]-[25]. Recent work has utilized a trained lan-
guage model for molecule generation and optimization [24].
Transformer-based model have also been utilized for chemical
reaction prediction [26], [27]. However, an investigation into
the impact of tokenization on optimization performance has
not been performed. Furthermore, the use of a language model
to automate mutation within a genetic algorithm has not been
fully investigated. For text-based applications, previous studies
utilized mask prediction to generate adversarial examples [28],
[29]. Although not discussed in relation to genetic algorithms,
optimizing text sequences through mask replacement is similar
to our proposed strategy.

III. METHODS
A. Training Dataset

To train the tokenizer, 1.2 billion smiles string were used
from the Enamine REAL database [15]. A subset of 120
million smiles from the full dataset were used to train the mask
prediction model. All smiles were converted to canonical form
using rdkit [30] before being used in training. For iterative
training, only the population produced by the genetic algorithm
(100k molecules) was used for model and tokenizer training.

B. Tokenizer and Model Training

The tokenizer and transformer libraries provided by Hug-
ging Face [31] were used to train all WordPiece tokenizers. For
a given tokenizer, a pre-tokenizer performs initial splits of an
input sequence. Therefore, we used different pre-tokenizers to
enforce constraints. We performed splitting based off of previ-
ously used regex (Regex) [19], punctuation and digits (BERT +
Digits), punctuation only (BERT), and digits only (Digits). We
denote the punctuation-based splitting as BERT because this is
the default behavior for the WordPiece tokenizer provided by
Hugging Face for the BERT model. The maximum tokenizer
vocab size was set to 30k.

All model training was done using the tokenizer and
transformer libraries provided by Hugging Face [31] and
Deepspeed [32]. The learning rate was set to 5 x 10~° and the
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Fig. 2. Different pre-tokenization schemes for smiles strings. Spaces in smiles
strings represent splits, which correspond to dashed lines in molecule images.
A Standard pre-tokenizer for BERT splits on punctuation before training. B
Pre-tokenizer that splits on digits. C Combining BERT pre-tokenizer with
splits on digits. D Pre-tokenized based on regex for individual atoms.

batch size was set to 128 using the AdamW optimizer [33].
The default BERT model architecture as provided by Hugging
Face was used for all models (i.e. hidden size of 768, 12
attention heads and 12 hidden layers). Models trained on a
subset of the Enamine dataset were trained for 4 epochs.
Models in iterative training used the same parameters with
the exception of a slightly smaller learning rate (3 x 107°)
and larger number of epochs (10).

C. Genetic Algorithm

We utilized a very simple genetic algorithm in which half
of the population was sampled for mutation during each gen-
eration. After mutation, the original population was combined
with the mutated samples and sorted by fitness. We defined
fitness as the harmonic mean of the quantitative estimation of
drug-likeness score [34] and normalized synthesizability [17],
[35]. Similar to previous work [17], synthesizability was
normalized between 0 and 1. The top scoring unique members
were retained in order to keep a fixed overall population size.

For a given mutation, a random integer was generated
between 1 and 5 to represent the number of masks to intro-
duce. We considered three different mutation types (insertion,
replacement, deletion). For insertion, masks were inserted
between existing tokens or at the beginning or end of the
sequence. For replacement, masks replaced sampled tokens.
For deletion, the token following a masked replacement was
removed. The masks were subsequently replaced either ran-
domly or guided by a mask prediction model to complete
the mutation. A total of five candidate replacements were
generated for each masked sequence. The type of mutation
was selected randomly for population samples in batches of
size 10.

IV. RESULTS
A. Random Mutations

To determine the impact of subsequence mutations on ge-
netic algorithm performance, we began by generating different
vocabularies using WordPiece tokenization [11], [12] with
different pre-tokenization splitting. As shown in Figure 2,

different tokenizers genererate different representations of
a given molecule. The standard BERT tokenizer splits on
punctuation (e.g. parenthesis) before determining commonly
occurring subsequences for the vocabulary. Similarly, we can
split smiles strings based on digits, punctuation and digits
(i.e. BERT+Digits), or a custom regex [19] used in previous
work with ML models for smiles. Notice that as we increase
the splitting for the molecule, the number of tokens used to
represent it by the model increases.

For a given tokenizer and associated vocabulary, we apply
a simple genetic algorithm for optimization. First, we apply
the tokenizer to the input smiles string. A random number of
masks (up to 5) are added which represent possible mutations.
Then, the mask is replaced with a randomly chosen token from
the vocabulary to produce a mutated sequence. Five candi-
date replacements are generated for each masked sequence.
Mask replacement may occur in three different modes (insert,
replace, delete). For insertion, the mask is inserted between
two tokens from the original string. For replacement, the
mask replaces a token from the original string. For deletion,
the mask replaces a token from the original string and the
subsequent token is removed.

To assess the performance of different tokenization schemes,
we tracked the number of valid and novel molecules along
with the fitness of the population. Here, we defined fitness
as the harmonic mean of the quantitative estimation of drug-
likeness score [34] and normalized synthesizability [17], [35].
The starting population of molecules was taken from the first
1000 molecules of the gdb9 dataset [36]. Each generation, 500
molecules were randomly selected and mutation was applied to
generate the child population. The top 1000 unique molecules
from parent and child populations were retained for the next
generation.

As shown in Figure 3, the different tokenization schemes
lead to large differences in the number of valid and novel
molecules produced. The schemes with smaller vocabularies
(i.e. more splitting during pre-tokenization), produce the most
valid and novel molecules when averaging over multiple runs.
Intuitively, the decrease in produced molecules for the schemes
with larger vocabs (i.e. less splitting) is expected, as random
replacement of a larger subsequence of the molecule can easily
produce an invalid smiles string.

Contrary to the number of molecules produced, BERT
tokenization leads to a notable increase in the fitness for the
population. The population is able to more quickly explore fa-
vorable areas of parameter space (e.g. longer length molecules
as shown in Figure 3) through subsequence rearrangements.
Single mutations can results in the addition of entire func-
tional group (e.g benzene ring) rather than requiring several
sequential beneficial mutations.

B. Mask Prediction

Optimization runs with random mutations show that the
choice of tokenization scheme can indeed impact optimiza-
tion both in terms of fitness and novel molecules. However,
tokenization is typically only a preliminary step in training
a masked language model. Once the vocabulary is deter-
mined, the model for mask prediction is developed using an
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Fig. 3. Tracking the number of valid molecules, number of novel molecules,
fitness, and number of atoms per molecules during optimization. The choice
of tokenization scheme results in different performance outcomes for random
mutations. Plots show the average over five runs.

unsupervised approach where tokens are randomly masked
during training [10]. Here, we train a model based off of
each tokenization scheme using a dataset of 120 million smiles
strings. We then use the model to generate candidates for mask
replacement in contrast to random replacement.

As shown in Figure 4, the mask prediction model results
in similar performance across tokenization schemes for the
number of valid molecules produced. The regex tokenizer
produces the largest number of novel molecules, however,
it suffers a degradation in fitness compared to the other
schemes. The fitness plot shows that tokenizers with more
complex vocabularies (i.e. BERT and Digits) yield the best
performance, similar to the results from random mutations.

In addition to mask prediction with a single tokenization
scheme, we also tested optimization based off of two different
schemes. For combinations, the mutation samples were split
evenly between each scheme, with the total number of samples
fixed. As shown in Table I, the combination of BERT and
Digits generated the best population fitness. The complimen-
tary nature of the two tokenization schemes is interesting
due to the different ways molecules are split. BERT splits
based on punctuation, corresponding to branches in smiles
molecules, while Digits splits on integers which represent
rings. Notice that the use of two tokenization schemes (e.g.
a BERT tokenizer and a Digits tokenizer) is different than
a single tokenizer (e.g. BERT+Digits) that combines the two
schemes. Using two different tokenization schemes results in
two distinct models that have different representations for a
given molecule. Constructing a single tokenizer by combining
the splitting rules for two schemes results in a single repre-
sentation with shorter subsequences in tokenization than the
parent schemes.

Although the improvements to fitness optimization are
promising, training of both the tokenizer and mask prediction
model relied on a large dataset of viable molecules. For other
applications, such a training set may not exist, necessitating
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Fig. 4. Tracking the number of valid molecules, number of novel molecules,
fitness, and number of atoms per molecules during optimization. The choice of
tokenization scheme results in different performance outcomes for mutations
selected by the masked language model. Plots show the average over five
runs.

TABLE 1
FINAL FITNESS SCORES FOR DIFFERENT TOKENIZATION SCHEMES WITH A
MASK PREDICTION MODEL. SCORES ARE THE AVERAGE OF FIVE RUNS.

Tokenizer 1 Tokenizer 2 Fitness
BERT Digits 0.9482
BERT BERT+Digits | 0.9148

BERT+Digits Digits 0.9107
BERT Regex 0.9100
BERT BERT 0.9063
Digits Digits 0.9017
Regex Digits 0.8975

BERT+Digits | BERT+Digits | 0.8786
Regex BERT+Digits | 0.8679
Regex Regex 0.8031

the use of random point-wise mutations. Utilizing the top
performing combination of tokenization schemes and models,
we now consider a possible solution for applications lacking
initial training data.

C. Iterative Training

In the absence of initial training data, a masked language
model cannot be trained to tokenize molecules and predict
possible mutations. We can, however, utilize the vocabulary for
molecules as provided by the regex [19] along with random
mask replacement. Rounds of mutations (including replace-
ments, insertions, and deletions) are then sufficient to generate
new candidates (i.e. molecules). We begin with a single sample
in the population, which is a single carbon atom. After several
generations, a population of molecules is generated that can
be used to train a tokenizer and associated mask prediction
model. Iterations of this strategy (i.e. generate molecules,
train a tokenizer and mask prediction model, repeat) can be
performed for optimization. The use of iterative training allows
the tokenizer and mask prediction model to capture changes
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Fig. 5. Tracking the fitness, number of atoms per molecule, number of

rings per molecule, and fraction of aromatic molecules in the population for
each iteration. In addition to an increase in fitness, adding tokenization and
mask prediction leads to larger molecules with more rings and an increase
in aromatic molecules compared to random mutations with a regex tokenizer.
The initial decrease in fitness for Random Regex occurs as the population
is being filled (i.e. any molecule with positive fitness is accepted until the
population reaches the maximum size).

in the population as the fitness increases. Notice that for
cases with large or representative initial datasets an iterative
approach may not be necessary, as the masked language model
can determine useful patterns from the training data.

For the iterations, we utilize 50 generations with a pop-
ulation size of 10° molecules. In each generation, 5 x 10*
molecules are sampled for mutation. As a control for com-
parison, we use the regex tokenizer with random mutations
for 15 total iterations. We also consider the addition of model
mutations with a BERT tokenizer and a Digits tokenizer, which
displayed the best fitness optimization performance (Table I).
The total mutations are split evenly between regex random
mutations and the mask prediction model mutations. The
population after each iteration is used to train tokenizers (and
models) for use in the next iteration.

As shown in Figure 5, the addition of trained tokenizers
and mask prediction models substantially improves the fitness
optimization for the population. To track the benefits of
subsequence rearrangements, we track the length, number of
rings, and number of aromatic compounds in the population.
It is important to note that an aromatic ring would require
multiple random mutations to be generated, as aromatic atoms
are denoted by lowercase in smiles. As shown in Figure 5,
both strategies are capable of generating aromatic compounds,
however, the BERT mask prediction model can incorporate
the aromatic ring as a single token allowing aromatic rings to
proliferate in the population.

V. DISCUSSION

Evolution in natural systems (e.g. microbial populations)
proceeds through a complex series of genetic alterations.
Point-wise mutations, including replacements, insertions, and
deletions, take place alongside larger subsequence changes in-
duced by mobile genetic elements [37]. Mutation coupled with

selection enables (in part) microbial adaptation and survival
in harsh environments (e.g. antibiotic resistance) [37]. Taking
inspiration from natural systems, the current work shows that
the addition of subsequence rearrangements to typical point-
wise mutations in genetic algorithms provides a substantial
boost to optimization performance.

The use of tokenization and a mask prediction model does
result in certain trade-offs for population optimization. The
tokenization scheme and mask prediction model are trained
on a specific population, which biases future mutations to-
wards currently occurring subsequences. Therefore, a balance
between random point-wise mutations for exploration and
subsequence rearrangement for fitness optimization is neces-
sary. Fortunately, a range of tokenization schemes and models
can be used to balance the need for novelty with fitness
optimization. Furthermore, objective functions that maximize
novelty [5], [38] can be utilized for future investigations.

In this work, we have utilized a very simple genetic al-
gorithm, with random sampling for mutation and selection
with a fixed population size. The simple form for updating
the population was chosen to isolate the impacts of different
mutation operators on performance. Mask prediction, however,
can be incorporated alongside many standard improvements
and additions commonly used in genetic algorithms, such as
recombination and elitism [1]. Furthermore, we have focused
on optimizing molecules, represented as smiles strings, for a
specific metric. Mask prediction models, heavily utilized for
text processing tasks [10], can be utilized in any domain where
a text-based representation of candidates exists.

VI. CONCLUSION

Genetic algorithms provide a useful optimization technique
inspired by the capability of natural systems to adapt and
survive in a range of environments. The application of genetic
algorithms to a given problem, however, require the definition
of a suitable mutation operator. For mutations, simple random
point-wise changes are typically used to avoid difficulties
with determining useful subsequence rearrangements. Here,
we have presented a strategy to generalize and automate
genetic algorithm mutations utilizing tokenization and mask
prediction. Our approach generated a substantial increase in
fitness for a sample optimization problem towards generating
drug-like molecules. Furthermore, our approach can be easily
generalized to any problem with a text-based representation.
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