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Machine learning (ML) is revolutionizing our ability to
understand and predict the complex relationships between
protein sequence, structure, and function. Predictive
sequence-function models are enabling protein engineers to
efficiently search the sequence space for useful proteins with
broad applications in biotechnology. In this review, we highlight
the recent advances in applying ML to protein engineering. We
discuss supervised learning methods that infer the
sequence—function mapping from experimental data and new
sequence representation strategies for data-efficient modeling.
We then describe the various ways in which ML can be
incorporated into protein engineering workflows, including
purely in silico searches, ML-assisted directed evolution, and
generative models that can learn the underlying distribution of
the protein function in a sequence space. ML-driven protein
engineering will become increasingly powerful with continued
advances in high-throughput data generation, data science,
and deep learning.
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Introduction

Evolution has shaped proteins to perform complex
chemical and biological functions with exceptional pro-
ficiency, accuracy, and specificity. These naturally oc-
curring proteins represent a huge potential to solve some
of the world’s most pressing problems. Protein en-
gineering aims to realize this potential by altering pro-
tein functions for applications in biotechnology,
industry, and medicine [1-3]. Amino acid sequences
encode the overall function and properties of proteins.

The relationship between a protein sequence and
function can be imagined by the sequence—function
'fitness landscape', wherein protein sequences are
mapped to a corresponding fitness value that represents
a measurable protein property like catalytic activity or
thermostability [4]. Protein engineering aims to search
this landscape for high-fitness sequences.

Directed evolution navigates this landscape through
iterative rounds of mutation, high-throughput functional
assays, and selection to 'walk' uphill toward more fit
sequences. Despite its widespread utility and success,
directed evolution is resource and time intensive, and
the search process is largely ignorant of the underlying
sequence—function landscape. This local search is in-
efficient and can ultimately limit the fitness achieved in
a protein engineering experiment. Machine learning
(ML) has recently emerged as a highly effective method
for inferring the sequence—function landscape [5-7].
MIL.-guided protein engineering can discover highly fit
sequences more efficiently and with less experimental
screening than traditional directed evolution [8]. In this
review, we highlight recent approaches that leverage
ML to explore, exploit, and expand the functional se-
quence space to engineer proteins for improved
function.

Supervised learning for modeling the
protein-fitness landscape

Rational protein engineering requires a detailed, quan-
titative understanding of the complex biophysical in-
teractions underlying protein sequence and function.
ML can infer these interactions from experimental data
to generate predictive models for protein design. While a
diverse range of ML, models are suitable for this task,
here we focus our discussion on the recent advances in
deep neural networks owing to their state-of-the-art
performance and flexibility. We also discuss the im-
portance of model evaluation and how this influences
our ability to compare different modeling approaches.

Supervised deep neural networks combine multiple
layers of nonlinear functions to learn highly complex
input—output relationships. There are several com-
monly used architectures capable of modeling the
sequence—function landscape, and each one carries
inductive biases that make different assumptions
about the relationship. Common architectures include
multilayer perceptrons, which learn the nonlinear
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interactions between inputs, convolutional neural
networks (CNNs), which consider information within
a local 'receptive field' in the input space, recurrent
neural networks (RNNs), which process information in
a sequential manner, and transformers, which can
learn specific long-range interactions between inputs
using attention mechanisms. Both CNNs and RNNs
outperform the baseline linear models for protein
function prediction [9-12]. CNNs also show promise
for predicting the effects of mutations that were not
experimentally tested. This capacity may be useful
when characterizing mutations is costly or when ex-
panding the set of beneficial mutations that can be
used to design a protein [9,13].

Supervised deep learning relies on large sequence—
function datasets for model training and evaluation, but
many proteins have limited (10-100s) functional data,
owing to the lack of high-throughput functional assays.
One method to reduce the data requirement for training
is to apply more informative protein representations to
supervised learning tasks [14]. Rather than simply re-
presenting a protein as a sequence of amino acids, which
is very high dimensional, it is possible to devise other
protein representations that may capture key physio-
chemical properties such as total charge, evolutionary
features such as site conservation, and structural char-
acteristics such as solvent-accessible surface areas. A
carefully designed set of features can distill the essential
aspects of protein function and enable learning with less
data [15,16]. A more recent and data-driven approach
uses unsupervised ML to learn informative protein re-
presentations from the large amounts of unlabeled se-
quence data available in databases such as UniProt
[17-22]. These models effectively learn condensed re-
presentations of protein sequences by identifying cor-
relations and patterns within protein families. These
low-dimensional protein representations can be used as
inputs for supervised models to improve predictive ac-
curacy and enable learning from smaller sequence—-
function datasets [8,23]. Variational autoencoders
(VAEs), long short-term memory RNNs, and transfor-
mers trained on natural sequence information con-
sistently show top performance in learning effective
protein representations for supervised ML [19,23-26].

The potential for ML in protein engineering has re-
sulted in rapid development of new ML models and
strategies, which demand rigorous performance bench-
marks and metrics for model comparison. The differ-
ences in datasets, train-test splits, and evaluation metrics
make it nontrivial to compare ML, modeling approaches,
as all of these factors impact the model performance.
Recent efforts to standardize the evaluation of learned
representations aim to address these issues by outlining
the standard datasets, splits, and tasks for assessing re-
presentation learning models [19], but evaluation of

supervised models has yet to be standardized. An im-
portant factor in standardizing evaluation of supervised
models is assessing model performance. Models are
often evaluated by their average prediction error, but
there are more relevant metrics for evaluating the
models for protein engineering applications. T'o address
this, Mater et al. [13] devised five metrics to evaluate a
model’s ability to handle extrapolation, epistasis, sparse
data, and variability in sequence length. Incorporating
these kinds of tasks into a standard benchmark for su-
pervised ML models will allow protein engineers to
better evaluate ML models and find a model that best
suits their needs. Finally, a common goal of the recent
supervised learning papers has been to create models
and training protocols that are more accessible for com-
paring ML approaches and for use by non-ML experts
[9,11,27-29]. As the field of ML-based protein en-
gineering expands, it is important to make these tools
readily accessible to all.

In silico optimization of the protein-fitness
landscape

An accurate supervised sequence—function model can
be used to guide the search through sequence space for
new and improved proteins (Figure 1). These models
can extrapolate the learned relationship beyond the
training set and identify highly fit sequences. We refer
to this approach as 'iz silico optimization' because
candidate proteins are identified by optimizing the
sequence—function model.

In silico optimization strategies often involve landscape
search heuristics such as hill climbing, simulated an-
nealing, and genetic algorithms to identify sequences
that are predicted to have high fitness values [9,12,30].
We recently applied a hill-climbing approach to design
GB1 sequences based on neural network models trained
on deep mutational scanning data. We found that the top
designed variant with 10 mutations from wild-type GB1
was stable when expressed in E. co/i and exhibited
substantially increased binding affinity for IgG. It is also
important to consider the diversity of candidate se-
quences in order to increase the independence of de-
signs. Diversification strategies attempt to maximize the
predicted fitness of designs while ensuring that they
occupy distinct regions of the landscape [30,31].

In silico optimization can also be applied in small data
settings using learned low-dimensional protein sequence
representations [23]. The learned representations distill
information pertinent to function beyond just sequence
information alone and enable ML-based protein en-
gineering in remarkably small data regimes. eUniRep is
a representation model trained on 24 million unlabeled
protein sequences and was used in a supervised setting
to design improved green fluorescent protein (GFP)
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ML-driven protein optimization strategies require an initial protein sequence library, typically created using error-prone PCR, site-saturated mutagenesis, or
chimeragenesis. This protein sequence library is screened experimentally to determine a fitness value for each protein variant. Protein sequence—function data
are modeled using supervised ML. The model can then be used to design improved variants in multiple ways. In MLDE, the fitness for other combinations of
mutations in a combinatorial library is predicted, and the best variant is selected for further rounds of mutagenesis, screening, and modeling. In silico optimiza-
tion, however, uses optimization strategies to find highly fit protein variants far from the initial training library in the larger protein sequence space. BO involves
iterative rounds of mutagenesis, screening, and learning to maximize the protein fithess over fewer rounds of experimental characterization by proposing

protein variants that will help refine the model and have high fitness.

variants with fewer than 100 labeled sequence—function
examples. The eUniRep representation appears to guide
design proposals away from nonfunctional sequence
space. Embeddings may therefore be useful in scenarios
where ML algorithms are attempting significant extra-
polation beyond the training set. Despite these recent
successes, there are still many open questions in the
field related to the best sequence representations, su-
pervised models, and the limits of model extrapolation.

Active learning to iteratively search protein
sequence space

The in silico optimization approach described above
learns from a sequence—function dataset to design im-
proved proteins in a one-step process. Active ML takes a
different approach, where an iterative design—test—learn
cycle is implemented to make the search through the
sequence space more efficient. While this approach re-
quires multiple rounds of sequence proposal and refining

the model with experimental data, the total screening
burden is drastically reduced in comparison to both
traditional directed evolution and most 7 si/ico optimi-
zation methods.

Machine learning-assisted directed evolution (MLDE) is
a new approach that supplements traditional directed
evolution with an underlying sequence—function model
to effectively screen larger regions of sequence space
[8,32]. MLDE begins with a combinatorial site-satura-
tion mutagenesis library from which a small number of
variants are screened for a function of interest. The re-
sulting sequence—function data are used to train an ML
model that predicts the function for all remaining var-
iants in the combinatorial space. The top variant’s mu-
tations are identified and fixed to provide the parent
sequence for the next round of MLDE. By repeating
this process, it is possible to efficiently traverse large
swathes of sequence space to find optimal proteins.
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Recent work has found that using biophysical, structural,
and evolutionary information to filter the training data
for diverse or highly fit variants helped achieve the
maximum fitness more often [8,33]. MLDE augments
the power of traditional directed evolution by providing
a guided walk through sequence space while reducing
the overall screening burden and accounting for epis-
tasis.

Bayesian optimization (BO) is another approach that
enables the engineering of proteins with relatively few
experimental measurements. BO employs an iterative
design—test-learn cycle where a model is trained on se-
quence—function data and used to propose new protein
sequences to test that are simultaneously informative for
the model and are predicted to have high fitness.
Experimentally testing these sequences refines the
model and also identifies new fitness peaks [34]. Gaus-
sian process models have long been the standard for BO
of the protein—fitness landscape owing to their ability to
explicitly model uncertainty [35,36]. We recently ap-
plied BO to engineer acyl-ACP reductases for improved
in vivo fatty alcohol production [37]. Over the course of
ten design—test—learn cycles and fewer than 100 ex-
perimental measurements, we were able to engineer
enzymes that produce over twofold more fatty alcohols
than the starting natural sequences. However, Gaussian
processes are relatively simple models and are limited in
their ability to learn highly complex relationships com-
pared with deep learning models. Ensembles of deep
learning models, such as CNNs and RNNs, can be used
to estimate the model uncertainty for BO and improve
the maximum fitness achieved relative to Gaussian
processes-based optimization [38]. Thus, combining ac-
tive learning techniques with state-of-the-art supervised
ML models is a promising approach for engineering
proteins that cannot be screened in high throughput.

Targeted exploration of protein sequence
space with generative modeling

Supervised methods are powerful for inferring the pro-
tein landscape from labeled sequence—function data;
however, there are millions of sequences in databases
such as UniProt that lack functional data [22]. These
sequences are referred to as 'unlabeled' because they
have unknown functional characteristics, but they still
provide valuable clues regarding the underlying land-
scape. Generative models learn the distribution of un-
labeled protein sequence data with the assumption that
any sequence falling within this distribution will exhibit
similar properties to the training data. By proposing se-
quences from this distribution, generative models can
sample novel sequences that 'look' and function like
natural sequences [39,40]. However, it is difficult for
these generative models to propose designs with im-
proved properties without explicit fitness or function

information. Here, we discuss modeling strategies to
direct generative models toward proteins with improved
function (Figure 2). For a comprehensive review on the
broad applications of generative modeling in protein
engineering, we refer the readers to the recent review by
Wu et al. [5].

Conditional generative models can be used to bias the
sampling process to engineer proteins with specific
properties. These models learn a probability distribution
over sequences and a set of defined protein attributes;
this distribution can be conditioned on a desired attri-
bute to enable controlled generation of proteins with the
target attribute (Figure 2a) [41-44]. This strategy has
been used on a diverse set of protein engineering tasks,
including engineering luciferases with specified solubi-
lity levels [42]. Hawkins-Hooker et al. trained a condi-
tional VAE on luciferase sequences labeled with a low,
medium, or high solubility level. Conditioning on a
particular solubility resulted in novel luciferases that
displayed the conditioned solubility while retaining na-
tive luciferase activity. While this study targets one at-
tribute, multiple attributes can be conditioned on
simultaneously to generate proteins with many desired
attributes, providing a flexible modeling framework
suited to diverse applications [45,46].

Another strategy to bias generative models toward im-
proved sequences is model focusing, where a general
model’s parameters are fine-tuned on a subset of data
with a desired property (FFig. 2b). The resulting model is
biased to sample proteins that closely match the char-
acteristics of the tuning data. For example, Amimeur
et al. [47] trained a generative adversarial network
(GAN) to produce human-like antibodies. They then
fine-tuned this model’s parameters by focusing the
training on a subset of sequences with desirable prop-
erties, such as decreased immunogenicity, that biased
the model to design sequences with the target property.

Other generative protein engineering strategies ex-
plicitly incorporate predicted fitness into a generator’s
training process, such that over time the model is taught
to propose more highly fit sequences (Fig. 2c). These
predictions can be from supervised learning models or
any other biophysical or structure-based model. Feed-
back GAN (fbGAN) couples a GAN architecture with a
predictive model that predicts the fitness of the gener-
ated sequences during the training process [48]. Fit se-
quences are identified and fed back into the model’s
training data. While fbGAN modifies the training data,
the Deep Exploration Network (DEN) developed by
Linder et al. [30] tes the predicted function of the
generated sequences directly into the generator’s cost
function. The DEN performed better than other state-
of-the-art methods, including fbGAN, across a variety of
applications, including the design of highly fit and
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Strategies for protein engineering with generative models. (a) Conditional modeling labels training examples with a feature vector to identify

sequences with a target attribute. Conditioning on a specific attribute generates a posterior distribution that preferentially samples proteins with the
target attribute. (b) Model focusing adapts a general model to a specialized task with additional training on a targeted subset of data. Model focusing
biases the model to generate proteins with properties that resemble the targeted training set. (c) Predictor-guided generative modeling incorporates
fitness information into generator training, which can be provided by any model that predicts a property. As generator training progresses, the model

proposes more highly fit examples.

diverse avGFP variants. The DEN also incorporates an
explicit diversity and likelihood metric to efficiently
search multiple regions of sequence space for fit variants
with high confidence for success. Generative models can
find functional protein sequences far removed from the
training data — coupling this explorative power with
functional information can guide this exploration toward
fit proteins for effective protein engineering.

Conclusion

Deep learning is revolutionizing our ability to decipher the
complex relationships between protein sequence, struc-
ture, and function [49-51]. Predictive models of the se-
quence—function landscape are enabling protein engineers
to efficiently and reliably search sequence space for new
and useful proteins. Approaches that minimize experi-
mental data requirements, including information-rich

protein representations and integrated design—test-learn
cycles, will push the boundaries of protein engineering to
functions that rival the performance and complexity of
natural systems. This new frontier of biomolecular en-
gineering will address global grand challenges in human
health, agriculture, the environment, and energy.
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