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SUMMARY

Supervised machine learning (ML) has significantly advanced sequence-based protein property prediction.
However, its inverse application, designing protein sequences with desired properties, remains under-
explored. The challenges in sequence design stem from the vast search space and the rugged protein fithess
landscape. In this work, we present MosPro, an efficient ML algorithm for property-guided protein sequence
design. We frame sequence design as a discrete sampling problem. Utilizing a pre-trained differentiable ML
model that predicts properties of sequences, MosPro shapes a distribution that assigns high probability
mass to regions for high-property sequences. To generate designs, MosPro efficiently samples sequences
from this constructed distribution. We further develop a Pareto optimization algorithm to propose sequences
that are simultaneously optimized for multiple properties. Evaluations on experimental fithess landscapes
demonstrated that MosPro generates sequences that optimally trade off multiple desiderata. Our results
suggested an unparalleled potential of generative ML for efficient and controllable design for functional

proteins.

INTRODUCTION

Machine learning (ML) has significantly advanced the prediction of
protein properties from sequences, driven by the sophisticated
predictive capabilities of modern ML models and the abundant
sequence-property data generated by high-throughput experi-
ments. In this context, “property” refers broadly to any quantita-
tive protein functionalities, such as binding affinity, stability, or cat-
alytic activity. The core computational problem here is to train an
ML model fy, parameterized by 6, to predict a protein’s property
score y € R from its sequence x e =L, with 3 denoting the set of
amino acids and L the sequence length.

While ML methods have been widely used for predicting pro-
tein properties from sequences, the inverse problem — designing
protein sequences that manifest desired properties - is under-
explored compared to its forward counterpart, despite its signif-
icance in biomedical applications. This inverse design poses a
challenging optimization problem: x* <argmax, . x.f*(x), where
f*(-) is an unknown function mapping a protein’s sequence to
its true property. In the laboratory, this problem is akin to protein
engineering that seeks to design or discover proteins with useful
properties. This goal is extremely challenging due to the vast
sequence space (20- possible sequences for a length-L protein),
rendering exhaustive search impractical, especially considering
the majority of this space comprises non-functional proteins. To
overcome these obstacles, experimental techniques such as
directed evolution perform iterative rounds of random mutagen-
esis and recombination to identify sequences with enhanced
properties. Although effective and recognized by the Nobel
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Prize,! the efficiency of directed evolution is still a bottleneck
due to the significant experimental burden.

To accelerate lab-based protein engineering, ML methods
have been employed to more efficiently explore the sequence
space, proposing sequences likely to exhibit improved func-
tions. Generative ML models, such as variational autoencoders,”
generative adversarial networks,® or protein language models,”
are typically trained on sequences of naturally occurring proteins
to learn to assign every possible sequence with a probability, re-
flecting their “evolutionary plausibility.” The learned probability
distribution is then used to sample sequences (e.g., by MCMC
sampling®®), which are subsequently assessed by an ML prop-
erty predictor fy(x) that serves as an effective surrogate for
experimental property measurement f*(x). A limitation of these
methods, however, is that they only assess the properties of de-
signed sequences post hoc, rather than explicitly optimizing
them, resulting in a relatively low success rate in identifying pro-
teins with enhanced properties.

Recent efforts have integrated property predictors with
generative ML models to target the generation of sequences
with enhanced properties, shifting from random exploration
to focused improvement within the vast sequence space.
The key idea behind these approaches is to learn a distribu-
tion that assigns a high likelihood to sequences with both
high evolutionary plausibility and enhanced property. Com-
mon strategies include: i) implicitly tweaking the generative
model, such as through latent space optimization’ or
sequence density reweighting,® to increase the likelihood of
producing sequences with desirable properties; or ii) explicitly
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Figure 1. Schematic overview of MosPro, a deep learning-guided algorithm for multi-objective protein sequence design

(A) Schematic of the multi-objective optimization of two properties in sequence design. The central plane is the sequence space with each coordinate repre-
senting a protein sequence. The top surface depicts the sequence-property landscape for Property 1, with a peak at 7" (x) indicating the maximum level of the
property. The bottom surface outlines the landscape of another property with a peak at f®(x). MosPro identifies the optimal direction of sequence search by
combining the gradient information on both landscapes, leading to the optimal sequence F™*(x) that enhances both properties.

(B) The sequence design workflow of MosPro. MosPro composes the gradients of two deep learning-based property predictors and utilizes a gradient-guided
discrete sampling algorithm to propose mutants. The proposed mutants are then used as the starting sequences in the next round. This gradient-guided sampling
process is repeated for multiple rounds, with the final designed sequences reaching the Pareto front that improves both properties without compromising each.
(C) The multi-property sequence design tasks. Four multi-property sequence design tasks are constructed to evaluate MosPro, including GFP-stability, ParD3-
ParE2, ParD3-naturalness, and GB1-stability, each with two properties to optimize.

introducing and accumulating beneficial mutations to the wild-
type sequence in a hill-climbing manner on the sequence-
property landscape.®"’

Despite these advancements, most existing property-guided
sequence design methods focus only on single-property optimi-
zation. However, simultaneously optimizing multiple properties
is crucial in many biomedical applications. For instance, in anti-
body design, alongside the primary functionality (e.g., viral bind-
ing affinity), other properties, such as thermostability, solubility,
or expression, are also critical for creating functional and devel-
opable designs. A key challenge in multi-property optimization is
the potential conflict between objectives; for example, solely
enhancing the specificity or solubility of antibodies might
compromise their affinity.’>”'* Although recent studies have
started exploring multi-property sequence design,’>”'" the
development of ML algorithms that effectively balance multiple
protein properties remains largely under-explored.

In this work, we present MosPro (multi-objective sequence
design for proteins), a deep learning-guided framework for
multi-objective protein sequence design. MosPro designs prop-
erty-enhanced sequences by leveraging the gradient informa-
tion from a differentiable ML property predictor to inform a
discrete sampling algorithm for searching and accumulating
beneficial mutations from a starting sequence for property
enhancement. Unlike random or localized search methods
used in experimental directed evolution, MosPro’s ML-guided
approach leads to a more effective and broader exploration of
the sequence-property landscape. To simultaneously optimize
multiple, potentially conflicting properties, MosPro navigates
the parameter spaces of the property-specific predictors and
identifies a parameter update direction that maximizes improve-
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ment across all properties. This process results in Pareto-
optimal designs that represent the best trade-off across multiple
objectives, where no single objective could be further improved
without sacrificing others. To evaluate MosPro, we created a
benchmark of four multi-objective sequence design tasks,
covering various properties such as binding affinity, fluores-
cence, and stability. MosPro demonstrated an outstanding abil-
ity to discover sequences that balance multiple objectives more
effectively than existing single or multi-objective optimization
methods. These results suggested an innovative paradigm in
multi-objective protein sequence design, with significant impli-
cations for protein engineering.

RESULTS

MosPro: Multi-property sequence design with Pareto-
optimal sampling
MosPro is a deep learning-guided algorithm for multi-objective
protein sequence design (Figure 1). MosPro first trains multiple
property-specific supervised ML models to predict a protein’s
properties of interest from its sequence. To design proteins
with multiple desired properties, MosPro starts from a set of
initial sequences and iteratively optimizes the sequences so
that the multiple properties are jointly optimized. In each itera-
tion, MosPro employs a discrete sampling algorithm,'® guided
by the trained property predictors, to propose beneficial muta-
tions that are most likely to enhance the properties (STAR
Methods).

MosPro simultaneously optimizes multiple properties by finding
the Pareto-optimal solutions in the sequence space (Figure 1A).
Pareto optimality is a common concept in multi-objective
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optimization and, in our context, refers to sequences for which no
single property can be further optimized without compromising
other properties. Unlike previous studies that commonly reduce
the multi-property protein sequence design to single-objective
optimization by linearly combining the obijectives with fixed
weights,"" MosPro design sequences toward the multi-property
Pareto optimality with adaptive weights guided by the property
predictors. In each round of the sequence design, MosPro applies
a Pareto optimal gradient composition scheme, inspired by previ-
ous studies,'>'®'? to identify a sequence update direction along
which all properties can be mostly improved (STAR Methods).
Repeating this sampling process accumulates beneficial muta-
tions to the starting sequences, akin to a hill-climbing process
on the sequence-property landscape, ultimately generating se-
quences for which multiple properties are optimized (Figure 1B).

Benchmark to evaluate multi-property sequence design
Most deep mutational scanning studies primarily focus on a sin-
gle property of interest in each experiment,”® and datasets with
multi-property-labeled protein sequences are rarely available.
To evaluate MosPro’s capability in sequence design, we con-
structed a benchmark dataset for multi-property sequence
design by leveraging experimentally characterized protein
fitness landscapes.”'° In this dataset, we paired each variant
sequence’s experimentally assayed property (e.g., binding affin-
ity or fluorescence) with another property, such as stability or
naturalness, computed using a biophysical model or protein lan-
guage model (STAR Methods). Protein mutant stability is quanti-
fied by the change in Gibbs free energy relative to the wild-type
protein (AAG) using FoldX,>* where a lower AAG indicates a
more stable mutant. The naturalness of a protein sequence mea-
sures its resemblance to naturally evolved proteins, which is
crucial since natural-like proteins are more likely to satisfy evolu-
tionary or structural constraints and avoid undesired functional
consequences. For example, it was found that the designed an-
tibodies with high naturalness scores are less likely to trigger un-
wanted immune responses.”®

In total, we constructed four multi-property sequence design
tasks within this benchmark dataset, where each protein variant
sequence is labeled with two properties (Figure 1C). In the eval-
uation, sequence design methods are tasked with designing se-
quences that optimize both properties. The first design task in
our benchmark is to design green fluorescent protein (GFP) var-
iants with improved fluorescence and stability. We obtained the
fluorescence brightness values of 51,715 GFP mutants from a
previous study®' and additionally labeled each sequence with
changes in structural stability due to mutations (AAG) as quanti-
fied by FoldX, resulting in the task denoted as “GFP-stability.”

The second and third tasks focus on the ParD3 protein, a bac-
terial antitoxin part of the ParD-ParE family of toxin-antitoxin
systems, which are often found on bacterial chromosomes. In
this system, the toxin can inhibit cell growth or viability unless
antagonized by a cognate antitoxin. A prior study?® experimen-
tally assayed the binding affinities to both ParE3 and ParE2 of all
20° = 8,000 amino acid sequence variants at three sites in
ParD3, forming a design task that requires the optimization of
both binding affinities, denoted as “ParD3-ParE2.” We addition-
ally labeled each ParD3 variant sequence with a naturalness
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score, resulting in another design task denoted as “ParD3-
naturalness.”

The fourth task involves GB1, a Streptococcal protein that
binds immunoglobulin. The binding affinity of GB1 to immuno-
globulin was experimentally assayed for 149,361 variants at
four mutation sites in a previous study,*” in which the “fitness”
was defined based on GB1 variants’ binding affinity and foldabil-
ity. This fitness is used as the first property in this task. We addi-
tionally computed the AAG stability scores using FoldX as the
second property, forming the “GB1-stability” design task.

Our benchmark dataset represents a useful resource for this
work and future studies to evaluate how well MosPro and other
methods optimize multiple properties in protein sequence
design, as we demonstrate in the following sections.

MosPro offers Pareto-optimal multi-property protein
sequence design

Using our benchmark dataset, we compared MosPro to several
strong baseline methods for property-guided protein sequence
design, including GGS,'° the state-of-the-art discrete sequence
design method for single-property optimization; linear scalariza-
tion,”®?” which reduces the two property objectives f; and f, into
asingle objective f = Afy + (1 — A)fz, with 2 [0, 1] an interpola-
tion hyperparameter; and NSGA-2,'"?® a genetic algorithm for
multi-objective optimization based on non-dominated sorting.
The details and settings of these baseline methods can be found
in STAR Methods. The designed sequences were evaluated us-
ing a set of evaluation oracles depending on the respective prop-
erty, including ground-truth experimental data (for ParD3 bind-
ings and GB1 fitness), independent computational models (for
stability), and ML predictors (for GFP fluorescence). Note that
for GFP, while the ML-based evaluation oracle was trained on
all available property data, the training data of MosPro’s property
predictor was restricted to variants with the lowest 40% property
values. This setup assesses MosPro ability to evolve low-prop-
erty variants to high-property ones, simulating the scenario in
real-world protein engineering scenarios. The constrained
training data also prevents MosPro from memorizing the
sequence of high-performing variants and avoids potential circu-
larity issues or data leakage.

In all four design tasks, MosPro offered significant property
enhancements (Figure 2). Specifically, MosPro optimally
balanced the two objectives and outperformed baseline
methods in both or at least one property objective. The effective-
ness of MosPro’s multi-objective optimization was clearly
demonstrated when compared to the linear scalarization
method, which interpolates both properties into a single scalar.
Ideally, by varying the interpolation weight A from 0 to 1, linear
scalarization should traverse every tradeoff between the two
property objectives, shifting from one extreme that emphasizes
one property to the other extreme that promotes the second
property. However, in our evaluation, linear scalarization failed
to exhibit the expected tradeoff trajectory between the two ob-
jectives, especially in the ParD3-naturalness and GB1-stability
tasks (Figures 2C and 2D). This result highlights the intrinsic chal-
lenge of multi-objective optimization and shows that simply
combining the two properties in the objective space is not suffi-
ciently informative for guiding multi-property sequence design.

iScience 28, 112119, March 21, 2025 3
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resented as mean property values on 500 sequences designed by MosPro.

In contrast, MosPro operates in the sequence space to identify
the optimal direction of sequence update such that both proper-
ties could be jointly enhanced.

Another advantage of MosPro over linear scalarization is that it
does not require a manually specified weight to balance the
properties. In linear scalarization, the optimal weight 1 is often
unknown in practice for an unseen task and sensitive to various
aspects of the properties, such as their scale or rate of change
with respect to sequence mutation, making a manually selected
value potentially suboptimal. MosPro avoids reliance on manu-
ally specified hyperparameters by solving a min-max optimiza-
tion problem (STAR Methods), allowing both properties to be
enhanced to the fullest extent. The evaluation results across
the four tasks suggested that MosPro’s strategy is more effec-
tive for multi-property sequence design than the simple linear
scalarization approach (Figure 2).

We also compared MosPro to GGS, '° the state-of-the-art sin-
gle-property sequence design method based on a discrete sam-
pling algorithm.'® Since GGS focuses on single-objective optimi-
zation, in each design task we trained separate GGS models for
the two properties. Although GGS effectively optimized the
target property, this often came at the expense of a significantly
lower level of the other property (Figure 2). In contrast, MosPro
simultaneously improved both properties without compromising
either, underscoring the necessity of joint optimization to identify
Pareto-optimal solutions for multi-property sequence design. In
some tasks, such as GFP-stability, MosPro even outperformed
GGS in both objectives, despite GGS’s designs being specif-
ically optimized for the respective individual property (Figure 2A).

Additionally, we compared MosPro to NSGA-2,°® a sequence
design method that explicitly optimizes multiple properties using
a genetic algorithm. MosPro provided better-improved designs
for most cases across various properties and proteins (Figure S2).
These performance improvements stem from MosPro’s capability
to broadly explore the sequence space and identify mutations
that enhance multiple properties. In contrast, NSGA-2 relies on
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random mutations or recombination of previously observed muta-
tions, which may limit its ability to identify property-enhancing mu-
tations. Overall, these results demonstrate that MosPro can simul-
taneously optimize multiple properties in protein sequence design
and achieve Pareto-optimal tradeoffs, outperforming existing
sequence design methods that optimize multiple properties jointly
or individual properties separately.

MosPro effectively enhances multiple properties

Having established MosPro’s superior ability to strike the optimal
better balance between two properties than existing methods,
we further investigated its effectiveness in evolving protein se-
quences to enhance their properties. We visualized the property
distributions of the MosPro’s randomly sampled starting se-
quences and its final designed sequences in each task
(Figures 3A-3D). These starting sequences were intentionally
chosen from the low-score region (lowest 40% percentile) to
assess MosPro’s ability to evolve them into high-score regions
(STAR Methods). The resulting distributions illustrate that
MosPro effectively evolved the starting sequences (Figure 3,
blue dots) into sequences with clearly improved properties (Fig-
ure 3, red dots). By overlaying MosPro’s designs with the exper-
imentally assayed property landscapes (Figure 3, gray dots), we
found that many MosPro designs were enriched in high-property
regions of the landscape or even close to the Pareto front corre-
sponding to best-performing variants for both properties
observed in the experimental landscapes. We note that the prop-
erty predictor used by MosPro to guide sequence design was
trained only on low-property variants, indicating that high-prop-
erty variants designed by MosPro are not a result of memoriza-
tion training data but are attributed to its strong generalizability
in exploring unseen regions of the landscapes.

By connecting each starting sequence with its corresponding
designed sequences, we observed clearimprovement trajectories
for both properties (Figures 3E-3H). This improvement was partic-
ularly pronounced in the GFP-stability task (Figures 3A and 3E).
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(E-H) Property improvement trajectories between starting sequences and corresponding MosPro designs. The dots in (E-H) are the same as in (A-D), except that
starting sequences rejected by MosPro as non-evolvable sequences (STAR Methods) were dropped. For visualization consistency, the stability metric shown in
(A) and (E) was defined as —AAG, with a higher value indicating more stable structures.

The fluorescence landscape of GFP variants exhibits a bimodal
distribution,?’ with MosPro’s starting sequences residing in the
low-fluorescence mode (Figure 3A). However, MosPro’s designed
variants generalized across the boundary of modes, enriching in
the high-fluorescence region. Further investigation of property
levels at each iteration during the optimization process revealed
that MosPro efficiently evolved the starting sequences to exhibit
nearly 2-fold enhancement in fluorescent brightness (Figure 4A).
In addition, MosPro gradually stabilized the variant structure dur-
ing the evolving process, refining randomly sampled starting se-
quences with poor structural stability into variants that maintained
the structure stability comparable to the wild type, as quantified by
the FoldX AAG score (Figure 4A). These results suggest MosPro’s
strong ability to design GFP variants with enhanced fluorescence
and stability.

In the two antitoxin ParD3 tasks, MosPro’s designed se-
quences consistently approached or reached the Pareto front
with a high probability (Figures 3B, 3C, and 3F-3H). MosPro’s
sequence optimization started from the randomly sampled
variants located in the low-score region for both properties
(Figures 3B and 3C, lower left) and evolved these variants toward
the high-score region, with a vast majority rapidly reaching
extreme levels of both properties (Figures 3B and 3C, upper
right) within three or four iterations of optimization (Figure 4B).

For the GB1-stability task, it should be acknowledged that the
specific distribution characteristics of the GB1 fitness property
present a significant challenge for optimization. Among the

160,000 sequences in the GB1 dataset, about 95% exhibit
extremely low fitness (0.35) (Figure 3D, gray dots). This biased
distribution makes fitness optimization challenging due to the
extreme scarcity of high-fitness sequences. Despite this,
MosPro effectively enhanced both fitness and stability for GB1
(Figures 3D and 3H). The stability of the designed sequences
showed significant improvements compared to the starting se-
quences. Although many designed sequences remain in the
low-fitness region, a considerable number successfully reached
the sparsely populated high-fitness region and approached the
Pareto front (Figure 3D).

MosPro designs variant sequences through an iterative
mutating procedure (STAR Methods). In each iteration, MosPro
accumulates beneficial mutations for both properties and grad-
ually evolves the variants to reach the Pareto front (Figure 1B).
We observed that MosPro achieved steady improvements in
property values over iterations (Figure 4) and delivered variants
that were up to 15 mutations away from the starting sequences,
with enhanced properties. Together, these results suggest that
MosPro can effectively identify mutation trajectories in the
sequence space to jointly enhance multiple properties of the
proteins.

MosPro designs structurally viable sequences

To further validate the quality of the sequences designed by
MosPro, we selected the Pareto-optimal sequences it generated
and employed AlphaFold2?° to predict and evaluate their 3D

iScience 28, 112119, March 21, 2025 5
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structures. Specifically, we evaluated the sequences designed
by MosPro on the GFP-stability task as a case study.
AlphaFold2 produces per-residue scores called predicted Local
Distance Difference Test (pLDDT), ranging from 0 to 100, to
quantify its local confidence, with higher scores indicating higher
confidence and usually more accurate predictions.”® We aver-
aged the per-residue pLDDT scores over the mutation sites as
the proxy metric of the foldability of the designed proteins,
following previous studies.**'

Figures S3A-S3C show the AlphaFold2 structures of two GFP
variants randomly sampled from MosPro’s Pareto optimal de-
signs and the wild-type GFP. The two MosPro variants exhibited
high pLDDT scores across most residues, with a mean pLDDT
above 95. For reference, pLDDT scores higher than 90 are
considered the highest accuracy category,”® suggesting an
excellent structural validity for our designs. When compared
to the wild-type structures, the two designed variants display
comparable pLDDT scores across the entire sequence while
achieving improved fitness (Figures S3A-S3C).

As a global evaluation, we compared the pLDDT scores of the
mutation sites in MosPro-designed Pareto-optimal sequences
against a set of reference sequences, which were randomly
sampled from the experimentally assayed variants,”’ serving
as a positive control that represents folded sequences. We found
that the distributions of pLDDT scores at the mutation sites of
MosPro’s designed variants closely resembled those of the
reference set of folded sequences (Figure S3D), demonstrating
MosPro’s effectiveness in generating structurally foldable pro-
tein variants.

DISCUSSION

Designing sequences with enhanced properties is a fundamental
challenge in protein engineering, primarily due to the vast search
space and the complex relationship between protein sequences
and their properties. ML-based protein sequence design has
gained significant attention because it can efficiently explore
the sequence space and find the most promising sequence can-
didates for experimental validation. In this approach, surrogate
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models that predict the sequence-property relationship are
commonly used to guide the design of property-enhanced se-
quences. For example, techniques such as genetic algorithms
and reinforcement learning®®** have been employed to intro-
duce mutations and used the surrogate models to screen
desired mutants, evolving sequences toward higher properties.
Another line of work has focused on controllable sequence
design for specific properties by training generative ML models
using high-property sequences®>*** or by optimizing within
latent spaces.”*®> We compared the key differences of MosPro
with previous methods in Table S4. While these methods were
successful, they primarily focused on optimizing a single prop-
erty. However, real-world protein design tasks often require the
simultaneous optimization of multiple properties.

In this work, we presented MosPro, a Pareto-optimal sampling
framework for multi-property protein sequence design. MosPro
trains a separate sequence-to-property predictor for each prop-
erty. Unlike the commonly used linear scalarization approach,
which employs a fixed set of weights to combine multiple proper-
ties into a single objective,'’ MosPro operates directly in the pro-
tein sequence space, identifying the optimal sequence mutations
that can jointly enhance multiple properties. By iteratively accu-
mulating beneficial mutations, MosPro ultimately designs se-
quences that simultaneously enhance multiple properties. Our
evaluation of MosPro on several multi-property protein sequence
design tasks demonstrated its capability for multi-property
sequence design. Moreover, MosPro is a versatile and practical
framework for multi-objective protein sequence design. By ac-
commodating any two or more target properties of interest,
MosPro can train the corresponding sequence-property predic-
tors using available data of functionally characterized variants
and subsequently perform Pareto-optimal sampling to generate
protein sequences that optimally balance these objectives. We
anticipate that MosPro will serve as a useful tool to accelerate
multi-objective protein design in wet labs when target properties
exhibit strong trade-offs and when optimizing one property may
be detrimental to others. MosPro holds significant potential for
many drug design and protein engineering applications, such as
optimizing both specificity and binding affinity in antibody design
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or enhancing structural stability without compromising enzymatic
performance in enzyme engineering.

Limitations of the study

Despite MosPro’s effectiveness in designing high-performance
protein sequences, some limitations remain. As with prior
studies,?® ' MosPro’s performance is influenced by the accu-
racy of the sequence-to-property predictor that guides the
sequence design process. Although in the tasks explored in
this work, our property predictors demonstrated high prediction
accuracy (> 0.9 Pearson correlation on the validation set), accu-
rately modeling protein sequence-property relationships re-
mains an open challenge, particularly when the property land-
scape is highly complex or when the experimentally measured
data is insufficient for effective ML training. Addressing these
challenges may require generating and curating larger, high-
quality datasets of functionally characterized protein variants®°
or developing data-efficient ML models tailored for low-sample
settings.>%*” Furthermore, the discrete sampling algorithm em-
ployed in MosPro, Gibbs With Gradient,'® performs better on
smooth landscapes, where sequences with smaller edit dis-
tances exhibit smaller differences in properties. However, pro-
tein property landscapes are often highly rugged. MosPro
currently trains predictors directly on these rugged landscapes,
which can pose challenges to prediction accuracy. To address
this, future improvements could involve constructing smoother
approximations of these landscapes'® or applying smoothing
techniques to predictor parameters,*® enabling the sampling al-
gorithm to better navigate these complex landscapes.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Deposited data
Multi-property sequence design

benchmark dataset This study Zenodo: https://doi.org/10.5281/zenodo.14884203
Software and algorithms

FoldX FoldX Consortium https://foldxsuite.crg.eu/

Other

Original code This study https://github.com/luo-group/MosPro

METHOD DETAILS

Problem formulation

We formulate our multi-property protein sequence design problem as a multi-objective optimization problem. Denote the vast search
space of protein sequences as X = 3!, where 3 is the set of all canonical amino acids and L is the protein length. Given the amino
acid sequence of a protein, our goal is to optimize this sequence by making substitution mutations such that multiple properties of
interest of this protein are simultaneously optimized. Mathematically, we aim to find x € X that maximizes each element in the vector-
based property function: F(x) = (f1(x),f2(x),...,fm(x)), where fi(x) : X — R for i e [m] is an unknown sequence-property map for the
i-th property. Generally, it is not likely to simultaneously optimize all m properties to their maximum value since there usually exist
conflicts among the properties. As an alternative, we seek to generate a Pareto set of protein sequences where no property can
be further optimized without compromising others, which leads to the notion of Pareto Optimality:

Definition 1(Pareto Optimality)

For a set of protein sequences {x1,x2, ..., Xy} and a vector-based property function of m properties F(x) = (f1(x),f2(x),....fm(X)), we
say that x is Pareto dominated by x' if and only if f;(x) < f;(x’), Vie [m] and fj(x) <f;(x") for some j e [m]. A sequence x is called Pareto
optimal if and only if it is not Pareto dominated by any other sequences in the set. The collection of all Pareto optimal sequences
{xi,x3,...x;} is called the Pareto set, and their property values F(x;),F(x3), ...,F(x;) are called the Pareto front.

Overview of MosPro

An overview of MosPro is shown in Figure 1. MosPro first trains multiple property-specific supervised ML models on available
sequence-property data. Next, to achieve property-guided sequence design starting from the initial sequence (e.g., the wild-
type sequence), MosPro iteratively applied a discrete sampling algorithm'® to sample mutations likely to improve the properties.
The mutation sampling is guided by the trained property ML models, whose gradient vector suggests the mutation direction
predicted to improve a particular property. Lastly, to simultaneously optimize multiple properties, MosPro applies a Pareto
optimization scheme to identify an optimal gradient direction along which all properties could be improved most. Following
this gradient direction, MosPro samples a substitution mutation and performs a gradient ascent-like procedure to update the
current sequence. In analogy to a hill-climbing process on the sequence-property landscape, MosPro iteratively applies this
sampling process to accumulate beneficial mutations, rejects intermediate sequences showing no promise of improved prop-
erties, and eventually generates sequences for which multiple properties are optimized. Below we describe the details of these
steps.

Sequence-property prediction models

Using the experimentally assayed sequence-to-property data as training data, we first train a set of property-specific ML
prediction models that will later be used as oracles to guide the design of property-improved sequences. Each ML model con-
sists of a 1D-convolution layer and two fully connected layers, which receive the one-hot-encoded protein sequence as input and
predict a scalar that represents the activity level of a particular property from a protein’s sequence. We used the Mean Square
Error (MSE) as the loss function and set learning rate = 0.001, weight decay = 10~5, batch size = 128, and used Adam optimizer
with early stop patience of 20. The details of the hyperparameters are listed in Table S3. We randomly split 10% of the data as
the validation set. All the predictors can achieve ~0.9 or higher in terms of Pearson and Spearman correlations on the validation
set. While we found that the 1D CNN models achieved accurate prediction on our datasets and were computationally efficient
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in our experiments, more capable neural network architectures, such as protein language models,*’

future work.

Since we are particularly interested in assessing the ability of our sequence design method to improve protein properties from
low-score region to high-score region, we constrained the training set of our ML predictors to include only low-property sequences
(with a property score lower than the 40th percentile in the entire dataset). To address the data scarcity challenge in existing
sequence-property data, we employed a negative data augmentation strategy following a previous study,'® motivated by the
fact that most sequences in the sequence space are non-functional. Specifically, we doubled the training set by randomly sam-
pling sequences from the entire sequence space (3') and assigning each of them the lowest property score observed in the original
training set.

can be explored in

Property-guided protein sequence design

We now introduce the property-guided sequence design method of MosPro, which is based on a recently developed discrete sam-
pling algorithm called Gibbs With Gradient (GWG).'® While recent studies have explored the application of this sampling algorithm for
protein sequence design,'” ! we extend this technique to the multi-property sequence design problem and additionally introduce a
gradient normalization approach to facilitate the sampling process.

For simplicity, we first consider the sequence design task for optimizing a single property and assume that we have trained a prop-
erty predictor f, : - — R. Without loss of generality, we assume that a higher property score corresponds to a more desired function-
ality. The goal of the discrete sampling algorithm is to construct a sequence proposal distribution p(x) such that sequences with
higher predicted property score will be sampled with higher likelihood, i.e., p(x) = % exp (fp(x)) with Z as the normalization constant.
One common approach to achieve such sampling in discrete space is using Gibbs sampling. At each step, Gibbs sampling proposes
a sequence x’ conditional on the current sequence x, following a proposal distribution g(x’|x), where X’ is constructed by introducing
mutations into x.

In our problem, we leverage the property predictor fy to predict which mutations are more likely to lead to property improvement.
Grathwohl et al."'® proposed a method called Gibbs With Gradient (GWG) that follows the gradient direction of f,(x) with respect to x to
sample beneficial mutations, as this is predicted to be the steepest direction for property enhancement. Specifically, given the cur-
rent sequence x, GWG defined the proposal distribution for the updated sequence x’ as

g(x'Ix) < exp (d(x) /2)-1(x' € H(x)), (Equation 1)
where H(x) is the 1-Hamming ball (the set of sequences differing from x by one amino acid) and d(x) 2f,(x') — f,(x), which can be

approximated using Taylor-series expansion:

d(x); = Vify(x); — X[ Vuy(x);. (Equation 2)

The distribution g(x’|x) can be positionwisely factorized as q(x'|x) = H,L: 1Gi (x{i) ‘x), where XE,-) is the i-th amino acid of sequence x'.
Since we are considering the 1-Hamming ball, the proposed sequence x’ can be constructed by sampling a different amino acid from
the alphabet = for the i-th position:

XE,) ~qi(-|x) = Categorical (Softmax (@)) , (Equation 3)

where ris the temperature parameter and set to 0.01 throughout our experiments, following the default choice of the previous work. '°
The proposed sequence x’ is then accepted using Metropolis-Hasting with probability

qixx)
i) 1)'

a = min( exp (f(x") — fy(x)) (Equation 4)

Iterative sampling

Inspired by the iterative process in direct evolution, MosPro designs property-enhanced proteins by repeating the above sampling
process for T rounds to accumulate beneficial mutations to the starting sequences which only have a low level of properties. This
iterative sampling allows MosPro to escape from the low-property region and explore broadly in the sequence space to identify
high-property sequences. In each round r € [T], we sampled m mutants for each starting sequence, forming a set X,. To prevent
the designed sequence set X, from being redundant or exponentially large, we followed the strategy in previous work'° to perform
hierarchical clustering®® on X;. Specifically, we applied the hierarchical clustering on X, with 500 cluster centers based on the
hamming distance between sequences. We used the hierarchical clustering functions ‘linkage’ and “fcluster’ in the SciPy package”’
to perform the clustering. After clustering, we only kept the sequences with top-1 predicted property scores in each cluster as the
starting sequences for the next round.

iScience 28, 112119, March 21, 2025 e2




¢ CellPress iScience
OPEN ACCESS

Pareto optimization of multiple properties
When there are multiple properties of interest, our goal is to sample sequences based on their property-specific predictors fy, , ..., f,,
such that their properties are Pareto optimal. A straightforward solution is linear scalarization”® that combines multiple objectives with
convex combination f;(x) = Y./ Aifs (X) such that >°7 , & = 1,4 > 0. Despite being simple, the optimization results heavily
depend on the choices of combination weights. It is also found that while this approach can obtain Pareto optimal solutions that
lie on the convex part of the Pareto front, it is unable to handle the concave part of Pareto fronts.***®

We thus employ the multiple gradient descent (MGD)"* to address this challenge. MGD was originally developed for multi-objective
optimization, in which the goal is to minimize multiple criteria in continuous space. Here, we applied it to sample protein sequences, in
which the optimizations of multiple properties can be optimally balanced. Specifically, we use a gradient descent-like update: x’' —
X — ng*(x), where 7 is a small step size and g*(x) a vector field describing the update direction, which is chosen to maximize the
smallest improvement rate among all properties:

g ()<arg max{ min(g.i(x). s gl < 1}, (Equation 5)
ge Rt ie[m

where gj(x) = V,f,, (x). Here, g*(x) is encouraged to have positive inner products with all g;(x), i.e., all predicted properties will be

improved by going to sequence x’. When there are conflicting gradients, g*(x) will be set to 0. Using Lagrangian duality, Desideri**

showed that the optimal solution is g*(x) = >/, 4;Vfy (x), where the weight vector {4}/ ; is the solution of the optimization prob-

lem:

m m
n}in I ZA,-Vfg, X) |3 st ZA, =1,4>0,Vie m], (Equation 6)
L

i=1

This optimization has a closed-form solution form = 2:

.
(Vo (x) — Viy,(x)) Vi, (X)>7 (Equation 7)

Ay = clampg ; ( || Vg, (x) — Vi, (x) |3

where clampg;(x) = max(min(x,1),0), and 22 = 1 — A1. For m>2, a fast algorithm known as the Frank-Wolfe algorithm®® can
leverage the solutions from Equation 7 to efficiently find the solutions of Equation 6."°

After obtaining the gradient direction g* (x) that optimally maximizes all properties, we use it to replace the gradient term Vf,(x) for
the single property in Equation 2, pushing the designed sequences toward the Pareto front for both the properties.

Several recent methods have been proposed for protein sequence design in multi-objective scenarios. For instance, Emami et a
introduced a gradient-guided Markov Chain Monte Carlo (MCMC) sampling framework that used fixed weights to linearly combine
individual gradients (linear scalarization), but this approach is computationally expensive. Pareto Optimality* is also widely used in
multi-objective optimization to achieve optimal trade-offs. MODIFY,“ for example, identifies the Pareto front to co-optimize protein
fitness and diversity for enzyme library design, though it relies entirely on unsupervised property predictors to score variants, unlike
MosPro which uses differentiable, supervised predictors to guide sequence design. Similarly, MolPAL*” employs Pareto optimization
in active learning for multi-objective virtual screening of small molecules, focusing on data acquisition rather than explicit molecule
design to deliver enhanced properties. Another line of work'® employs a Pareto-optimal gradient composition scheme similar to ours
but operates in the continuous space of latent sequence representations using an energy-based model. Unlike this latent space-
based approach, which requires decoding entire sequences from latent vector representations, MosPro directly proposes specific
edit positions and mutant types on the starting sequence for iterative sequence mutations. This explicit mutation framework not only
reduces the computational complexity of designing a full sequence from scratch but also provides more precise control over the
engineering budget during the design process.

Gradient normalization

In our experiments, we observed that the significant difference between the L, norms of V,fj, (x) and V,f,, (x) will lead to a biased
update vector g*(x). For instance, if || Vfy, (X)|2>> ||V«fs, (X)|l2, the vector g*(x) will be very close to Vfy, (x), making the sampling
process biased toward optimizing for property 2 (Figure S1). Therefore, we propose to normalize the gradient of the fitness predictor
using the Frobenius norm before performing the optimization in Equation 5, i.e.,

Vifs(X) norm = Vo (X)/ [[Vxfa(X) ||, (Equation 8)

I.ﬁ

where || Vify(X)||F = (trace(Vng(x)TVng(x)))%. We then replaced the individual gradients g;(x) = Vify (x) in Equation 5 by their
normalized versions Vxfy, (X),.m- IN our results, we found that this gradient normalization led to better sampling results (Table S1).
Multi-property benchmarking datasets

Most protein sequence libraries validated in wet labs focused on a single property. To test the optimization ability of MosPro, we
incorporated two computational-based properties: stability and naturalness. Protein mutant stability is quantified by the change
in Gibbs free energy relative to the wild-type protein (AAG). This metric is computed by averaging five runs of FoldX,** where a lower
AAG indicates a more stable mutant. The naturalness of a protein sequence measures its resemblance to naturally evolved proteins.
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Natural-like proteins are more likely to satisfy the evolutionary or structural constraints and avoid undesired functional consequences.
Following a previous study,*® we define the naturalness of a mutant protein x, in relation to the wild-type xVT, as follows:

naturalness(x) = Z[Iog P(xex_¢) — log P(x""|x")], (Equation 9)
teM
where M represents the index set of mutation sites in x compared to xWT x, is the t-th amino acid of x, and x_; denotes the sequence x
with the t-th amino acid masked. We obtain the conditional probability P(x:|x_¢) from a pre-trained protein language model, specif-
ically employing the 33-layer ESM-2 model*° to calculate the naturalness scores.

Combining the above stability and naturalness metrics with published data of experimentally characterized protein properties, we
constructed four benchmark tasks of multi-property protein sequence design, in which each sequence is labeled with two properties.
The size of each task can be found in Table S2. These benchmark tasks are also part of the contributions of this work, providing a
useful resource for evaluating future methods on multi-objective protein sequence design. Below, we provide an overview of the four
multi-property sequence design tasks.

Green fluorescent proteins (GFP)

The green fluorescent protein (GFP), known for its bright green fluorescence under blue to ultraviolet light, was originally isolated from
the jellyfish Aequorea victoria (avGFP) and has since become indispensable in biological and biochemical research.®®*" Its applica-
tions range from serving as a fluorescent marker in genetic engineering to facilitating various cell biology studies.?’ The wild-type
avGFP consists of 238 amino acids, creating a vast search space of 20238 possible sequences. The study by Sarkisyan et al.”' char-
acterized the local fitness landscape of avGFP by measuring the fluorescence of 51,715 variants in the sequence space, with an
average of 3.7 mutations per sequence. We used the experimentally assayed fluorescence as the primary property in our design
task and additionally applied FoldX to compute the stability scores for all these sequences, resulting in the design task GFP-stability
where the goal is to optimize fluorescence and stability.

Protein GB1

GBH1, or the Epistatic region of protein G domain B1, is an immunoglobulin-binding protein found in Streptococcal bacteria.®*>* Wu
et al.?? experimentally measured the fitness of 149,361 variants at four sites (V39, D40, G41, and V54) in an epistatic region of GB1.
Here, the GB1 fitness is defined as a combination of its folding stability, represented as the fraction of folded protein, and its binding
affinity to IgG-Fc, compared to the wild-type. This specific landscape presents a search space of 20* = 160, 000 potential variants.
Similar to the approach taken with GFP, we computed the stability scores for all sequences within this dataset. This led to a design
task for GB1, denoted as GB1-stability.

Antitoxin ParD3

ParD8 is an antitoxin produced by Mesorhizobium opportunistum, known for its ability to bind and neutralize its associated toxin,
ParE3, which otherwise slows down cell growth.?® In Escherichia coli, co-expression and binding of ParD3 and ParE3 inhibit the toxic
effects of ParE3, facilitating normal cell growth.>® However, mutations in ParE3 can disrupt its binding with ParD3, releasing the toxin
and impairing growth.”® For instance, the non-cognate toxin ParE2 exhibits only about 16% of the binding affinity with wild-type
ParD3 as compared to ParE3. Following the criteria set by the study,?® we define the property of ParD3 in terms of its binding affinity
with both ParE3 and ParE2 toxins. From the study,?® we sourced a deep mutational scanning library of all 20° = 8,000 ParD3 mutants
at three mutation sites (D60, K63, E79), and their respective binding affinities with ParE3 and ParE2. This compilation constitutes a
multi-property design task denoted as ParD3-ParE2 with the objective of optimizing the binding affinities to both ParE3 and ParE2.
Additionally, we computed the naturalness scores for the ParD3 variants, leading to another multi-property task, ParD3-naturalness,
where the objective is to optimize the binding affinity to ParE3 and the naturalness of ParD3 variants.

In silico evaluation settings
To evaluate the sequence design capabilities of MosPro, we followed the in silico evaluation paradigm commonly adopted by prior
studies,®'%** as described below for each task.

GFP-stability: We selected the sequences from the GFP dataset®’ whose fluorescence and stability properties are both in the
lowest 40% values as the training data for the sequence-property prediction models and the starting sequence set. This training
data split simulated the real-world scenario where only low-property sequences are available and the goal is to design sequences
of higher properties. To evaluate the property values of the designed sequences, we used another sequence-to-fluorescence pre-
dictor developed by Kirjner et al.'® for the fluorescence property, and FoldX>* for the stability property. Note that the sequence-to-
fluorescence predictor'® used for evaluation was trained on the entire GFP dataset®' so it can accurately assess the sequence
designs in high-property regimes. Using two fluorescence predictors trained on different coverage of the GFP dataset”' also ensures
that there is no circularity issue or data leakage between training and evaluation and that the evaluation results will not be over-esti-
mated due to the design algorithm’s overfit on the training oracle.

ParD3-ParE2

The sequences from the ParD3 dataset®® with both binding affinities to ParE3 and ParE2 at the lowest 40% values are split as the
training set for the two sequence-property prediction models as well as the starting set for MosPro and the baselines. Since
ParD3 dataset is a complete combinatorial library for all ParD3 mutants at three mutation sites, the evaluation of the designed se-
quences is a query of the ground-truth value in the ParD3 dataset.
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ParD3-naturalness

We selected from the ParD3 dataset®® the sequences with both the lowest 40% binding affinity to ParE3 and the lowest 40%
naturalness scores as the training data for the sequence-property predictors. The training data is also used as the starting sequences
for MosPro and baseline methods. Similar to ParD3-ParE2 task, the evaluation of the designed sequences is conducted by directly
retrieving the experimentally labeled binding affinity values from the ParD3 dataset. The naturalness of the designed sequences is
evaluated using the same pretrained protein language model ESM-2.%°

GB1-stability

We also selected the sequences from GB1 dataset” with both fithess and stability properties at the lowest 40% values as the training
set and starting sequence set. Since the experimental GB1 landscape assayed the fitness of all four-site mutants, the fitness
evaluation of designed GB1 sequences is performed by retrieving the experimentally labeled fitness from the GB1 dataset. For
the stability of designed sequences, we still use FoldX>* for evaluation.

Baseline methods

GGS'°

This baseline method used a discrete sample algorithm similar to the one used in MosPro but only focused on a single objective. We
did not apply the graph-smoothing trick of this method due to its limited generalizability across different protein landscapes.
Gibbs sampling with linear scalarization

This baseline is a multi-objective optimization method based on the linear combination of objectives (‘linear scalarization’), in which a
weight A€ [0, 1] was used to combine the two properties fy, f, to a single objective f = Afy + (1 — A)f2, withz = 0.1,0.3,0.5,0.7,0.9.
NSGA-2%8

NSGA-2 is a multi-objective genetic algorithm. In each iteration, NSGA-2 creates mutants by introducing mutations into the currently
available mutants or recombining the existing mutations. NSGA-2 then sorts all mutants by their predicted property values and
prioritizes mutants that are Pareto optimal. We used the same sequence-to-property prediction models as in MosPro to generate
the predicted property values for NSGA-2.

QUANTIFICATION AND STATISTICAL ANALYSIS

We used the Numpy package to compute the mean property values for Figure 2. The number of evaluated sequences, and the range
of the bars and whiskers in Figures 4 and S2 can be found in the figure legends.
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