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Abstract

Antibody lead optimization is inherently a multi-objective challenge in drug discov-
ery. Achieving a balance between different drug-like properties is crucial for the
development of viable candidates, and this search becomes exponentially challeng-
ing as desired properties grow. The ever-growing zoo of sophisticated in silico tools
for predicting antibody properties calls for an efficient joint optimization procedure
to overcome resource-intensive sequential filtering pipelines. We present BOAT, a
versatile Bayesian optimization framework for multi-property antibody engineer-
ing. Our ‘plug-and-play’ framework couples uncertainty-aware surrogate modeling
with a genetic algorithm to jointly optimize various predicted antibody traits while
enabling efficient exploration of sequence space. Through systematic benchmark-
ing against genetic algorithms, we demonstrate that our method efficiently explores
the Pareto front where the combinatorial ground truth is available.

1 Introduction

Lead optimization is crucial for therapeutic antibody development, aiming to advance candidates into
effective drugs by improving multiple properties such as affinity, cross-reactivity, manufacturability,
stability, and immunogenicity. Modern in silico methods such as machine learning predictors and
physics-based simulations enable rapid, cost-effective estimation of antibody properties ahead of
experiments. However, integrating predictions for several objectives is challenging: predictors are
computationally expensive, property conflicts can limit sequence diversity, and the search space is
vast. Thus, approaches that jointly optimize multiple objectives while quantifying uncertainty are
critical for guiding experimental design and prioritizing promising antibody leads.

We address these challenges with BOAT (Bayesian optimization for antibody traits), a versatile multi-
objective Bayesian optimization framework for antibody sequences. BOAT supports easy interfacing
of arbitrary in silico predictors. This allows users to jointly leverage their preferred scoring functions
for evaluating qualities of the candidate antibody and thus respond to particular requirements posed in
a lead optimization campaign. We perform rigorous benchmarking of BOAT against genetic baselines
and demonstrate that our method efficiently explores the Pareto front and fosters sequence diversity.
While we focus here on antibodies, the approach extends naturally to proteins and peptides. In this
work we consider models for binding affinity, humanness and naturalness.
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2 Related Work

Traditional and Evolutionary Baselines Evolutionary algorithms have long been applied to
discrete protein sequence optimization (Katoch et al., 2020), extending to multi-objective cases with
algorithms like NSGA-II (Deb et al., 2002). Their inef�ciency in high-dimensional protein spaces
(Turner et al., 2021) led to specialized variants such as AdaLead (Sinai et al., 2020) and PEX (Ren
et al., 2022), which leverage domain knowledge and wet-lab feedback. Integration with machine
learning allows selection of bene�cial mutations and diversity enhancement (Nigam et al., 2020; Yang
et al., 2019; Nana Teukam et al., 2024); these in silico methods mirror directed evolution strategies.
Surrogate-assisted approaches employ learned models to evaluate candidate sequences heuristically.

Generative Models and Reinforcement Learning (RL) Recent generative models, especially
transformer-based and autoregressive PLMs (Rives et al., 2021; Ferruz et al., 2022), enable antibody
sequence synthesis and conditional in�lling of regions like CDRs (Shuai et al., 2023; Melnyk et al.,
2023). Diffusion models are also emerging in protein design (He et al., 2024). These models can
be guided towards desired properties using in silico predictors (Goel et al., 2024; Yang et al., 2025).
RL offers sequential optimization using policies (models) rewarded by property predictors—see
(Angermueller et al., 2020; Lee et al., 2025a) for PPO applications, and recent adaptations of Direct
Preference Optimization (DPO) for single-objective protein design (Widatalla et al., 2024; Zhou et al.,
2024). Multi-objective RL extensions tune generators with additional reward constraints (Ren et al.,
2024).

Bayesian Optimization (BO) BO uses uncertainty-aware surrogates for sample-ef�cient improve-
ment, commonly with Gaussian processes. Most frameworks target single objectives (González-
Duque et al., 2024), struggling with high-dimensional, discrete sequence spaces (Wang et al., 2013).
Latent space BO relies on VAE- or DAE-learned embeddings (Gómez-Bombarelli et al., 2018; Stanton
et al., 2022), though verifying decoded sequences is challenging (Lee et al., 2025b). Sequence-space
BO employs specialized kernels (e.g., BOSS (Moss et al., 2020), AntBO (Khan et al., 2022)) and
trust region techniques (Eriksson et al., 2019). Hybrid generative-BO approaches, like CloneBO
(Amin et al., 2024), combine language models and Bayesian sampling.

Multi-Objective Optimization Few methods optimize multiple objectives directly, usually quan-
tifying Pareto front quality via hypervolume. RL variants add objectives as constraints (Ren et al.,
2024), and gradient-based sequence optimizers require differentiable predictors (Luo et al., 2025;
Emami et al., 2023). LaMBO extends BO with DAEs and generative in�lling for multi-objective
search (Stanton et al., 2022; Gruver et al., 2023); ALLM-Ab uses active-learning for hypervolume
maximization (Furui and Ohue, 2025). Our work is the �rst to apply multi-objective BO for embed-
ded discrete sequence space, optimizing black-box in silico predictors to search for Pareto-optimal
antibodies.

3 Materials and Methods

3.1 Multi-Objective Bayesian Optimization

Bayesian Optimization (BO) is a sample-ef�cient active learning framework for global optimization
of functionf : X ! R , wheref is often expensive to evaluate and lacks structure (eg. closed-form
gradients) that would make it amenable to direct optimization methods (Frazier, 2018; Garnett, 2023).
Given a dataset of previous (potentially noisy) evaluationsDt = (x i ; yi ) i=1;:::;t , a probabilistic
surrogate modelp(f jD t ) – usually a Gaussian process (Rasmussen and Williams, 2005) – is �t to
this dataset which captures the current belief about the unknown objective functionf . The sequential
evaluation policy is encoded through an acquisition function that quanti�es the utility of evaluating
f at a candidate input pointx and balances exploitation and exploitation of the objective. For
single-objective optimization, a common choice for the acquisition function is expected improvement.
Multi-objective optimization requires adapting the acquisition function in order to capture that trade-
off between objectives. We use Expected Hypervolume Improvement (EHVI) (Emmerich et al.,
2011) and its noisy extension, Noisy Expected Hypervolume Improvement (NEHVI) (Daulton et al.,
2021). These objective functions promote expansion of the Pareto front and maximization of the
associated hypervolume. We note that other multi-objective alternatives exist such as MORBO
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(Daulton et al., 2022) and ParEGO (Knowles, 2006). Our implementation leverages the BOTorch
framework (Balandat et al., 2020) - which also allows batch extensions of the acquisition functions
above (Daulton et al., 2020) - whose modular design enables straightforward extension to additional
acquisition functions.

3.2 BO in Sequence Space

Common kernels for Gaussian processes map fromRd � R d or a subset thereof to the real line. In
order to apply Bayesian optimization to sequences of amino acids de�ned by stringss 2 S, there
are two options, 1) to de�ne a string kernel that operates on string space directly, or 2) to embed
the sequences to represent them in a numerical space. We choose the latter approach and consider
one-hot and BLOSUM sequence encodings, detailed in Appendix A.1.

The embedding space is quite large for both considered embeddings; both give rise to sequence
embeddings of size sequence length� number of amino acids (i.e., 20). We therefore employ a
Gaussian process model that has been designed for this kind of high-dimensional problem, using the
Tanimoto kernel (Ralaivola et al., 2005).

3.3 Genetic Optimizer

While for some embeddings, such as one-hot and BLOSUM, sequences can be reconstructed from
an embedding, they still represent discrete objects which prevent us from using a gradient-based
optimizer to optimize the acquisition function in embedding space. To overcome this limitation,
we resort to a genetic algorithm (GA) for generating sequences guided by the acquisition score. In
each iteration of the BO loop, we generate an initial population by slightly mutating the previously
evaluated sequences – this way we ensure not to start in local minima of the acquisition function. We
repeatedly mutate a population of sequences through mutation, crossover and recombination: details
can be found in Appendix A.2.

3.4 Oracles

Af�nity predictor We train a neural network predictor on experimental af�nity data for each consid-
ered antibody-antigen pair to predict the delta in binding af�nity with respect to the parental.
To deal with the small number of data points, we augment the dataset by considering the
difference in af�nity between sequence pairs, inspired by Lin et al. (2025). Our model uses
an AbLang-2 tokenizer Olsen et al. (2024) and a CNN-based regression head.

Humanness scoreWe usepromb's implementation of the OASis score (Prihoda et al., 2022), a
humanness score based on 9-mer peptide search in the Observed Antibody Space (OAS)
(Kovaltsuk et al., 2018).

Sequence likelihoodsWe compute the mean log-probability of amino acids in sequences using the
protein language model ESM-2 with 3B parameters (Lin et al., 2023).

Antibody lead optimization campaigns may target different sets of properties; one campaign might
focus more on developability, while another might target cross-reactivity to multiple antigens,
requiring a complete disparate set of in silico predictors. BOAT provides a simple scoring function
interface that makes interchanging scoring functions straightforward.

4 Experiment: Cross-reactivity of a VHH

We ran BOAT on a therapeutic nanobody to demonstrate the practical applicability of our framework to
real-world antibody design scenarios. The lead optimization objective is to introduce cross-reactivity
to two similar antigens, i.e., to enhance binding af�nity on both while retaining or improving
developability properties. We systematically optimize CDR1, CDR2, and CDR3 regions of the heavy
chain individually, allowing up to 5 mutations per CDR region. The mutation space for each position
was constrained to a curated dictionary of amino acids based on those in the experimental training
data and structural considerations (e.g. �xing cysteines). We progressively increase the number of
objectives from 2 to 4 to evaluate the scalability of BOAT with problem dimensionality and compare
sequential and batch design. For the main task of introducing cross-reactivity, we leverage two af�nity
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predictors described in Section 3.4 that were trained on the experimentally measured af�nities for
both antigens of 340 single-point and 26 quadruple mutations. We add the humanness score and a
PLM likelihood as additional objectives (cf. Section 3.4).

We benchmarked against two GA baselines. Our �rst GA baseline was set up as a standard GA
(described in Section 3.3) which optimizes a normalized sum of the objectives. Our second GA
baseline is NSGA-II (Deb et al., 2002). Due to the constrained mutation dictionary and the fast
objective functions, we pre-computed a `ground truth' Pareto front by scoring all possible CDR
mutations for each CDR. We therefore evaluate our methods by comparing their discovered Pareto
fronts to the ground truth, and track how the hypervolume evolves over oracle calls. The total number
of `ground truth' sequences are 1,438,121, 33,829,027 and 61,602,147 for CDR1, CDR2 and CDR3
respectively. All methods have a budget of 1000 oracle calls. Further experimental details can be
found in Appendix B.

4.1 2 objectives

Initially we consider only the two af�nity predictors as optimization objectives. In addition to the
acquisition functions for sequential design (EHVI) and batch design (qEHVI), we include the batch
version for noisy objectives (qNEHVI) in this setup. Since qNEHVI scales super-polynomially with
the number of objectives (Daulton et al., 2021) and did not outperform qEHVI signi�cantly in our
experiments, we excluded it from further evaluation to maintain computational tractability.

In 2 dimensions, we can directly visualize the discovered Pareto front against the `ground truth'
Pareto front derived from exhaustive evaluation. A subset of these plots is visualized in Figure 1a,
displaying the seed with the highest hypervolume among all GA methods and the seed with the
highest hypervolume among all BOAT variants for that CDR. Plots for all seeds and also plots for
earlier points in all the models can be found in the Appendix. BOAT successfully explores regions
close to the true Pareto front, and can frequently �nd some of the true Pareto optimal sequences -
even when searching a space of more than 63 million sequences.

Figure 3 shows the hypervolume evolution as a function of oracle calls, revealing that BOAT con-
sistently achieves larger �nal hypervolumes compared to baseline methods while converging more
rapidly. There was not a signi�cant difference in the �nal hypervolume found between different ac-
quisition functions for BOAT, but in general, batch acquisition functions tend to prioritize exploration
early-on and therefore have a lower hypervolume in earlier iterations.

(a) Pareto fronts comparison (b) Diversity vs. HV (c) Evolution of diversity

Figure 1: CDR3 optimization results for 2-objective design with 5 mutations. (a) Discovered vs.
ground truth Pareto fronts showing best-performing seed for GA methods and BOAT. Ground truth
fronts obtained via exhaustive evaluation. (b) Scatter plot of hypervolume versus Shannon entropy
for all seeds, methods, and every 100 iterations. Initial solutions highlighted in gold. (c) Evolution of
Shannon entropy over optimization iterations, averaged over 10 seeds with standard error bands.

To assess the diversity of solutions discovered by each method, we computed the average Shannon
entropy for all generated sequences for every 100 generated sequences, for all methods. A visualiza-
tion of the results for CDR3 can be seen in Figure 1b, comparing Shannon entropy to hypervolume
and iteration, with additional �gures for other CDRs in the Appendix. We see that notably, the batch
acquisition methods (BO-qEHVI and BO-qNEHVI) achieve the optimal combination of both high
hypervolume performance and high sequence diversity; this superiority over all other methods is even
more pronounced for CDR1 and CDR2. The larger diversity likely stems from the batch acquisition's
inherent mechanism of selecting multiple diverse candidates simultaneously, naturally promoting
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exploration of different regions of the sequence space. BO-EHVI, while achieving competitive
hypervolume performance, exhibits lower sequence diversity, suggesting more focused exploitation
around promising regions. While both GA methods are inferior in hypervolume performance, it
is interesting that GA-sum is able to explore more diverse sequences compared to NSGA-II. High
sequence diversity is crucial for experimental validation campaigns, as it provides multiple distinct
candidates for testing while maintaining optimization quality. In Figure 1c, we see additionally that
BOAT successfully maintains sequence diversity throughout the algorithm.

4.2 3 objectives

We then added a third objective to the two binding af�nity predictors: the OASis humanness predictor.
Figure 2 shows the hypervolume evolution compared to oracle calls, showing that BOAT outperformed
both of the GA baselines in both the versions of EHVI. We look at 4 objectives in Appendix C.3.

To evaluate whether our multi-objective optimization approach leads to improved �tness beyond
the explicitly optimized objectives, we scored the �rst 300 generated sequences from each method
using ESM-2. Figure 7 in Appendix C.2 reveals that BOAT automatically generates sequences with
slightly higher PLM scores early in the optimization process, even without explicitly optimizing for
this objective. Multi-objective Bayesian optimization not only excels at the speci�ed objectives but
also can implicitly optimize for sequence properties that correlate with biological �tness.

Figure 2: Hypervolume evolution for 3-objective CDR optimization. Results averaged over 10 seeds
with standard error.

5 Discussion

Real-world antibody development demands simultaneous optimization of multiple properties with
small experimental budgets and long timescales. In this work, we presented BOAT, a lightweight
plug-and-play multi-objective Bayesian optimization framework for antibody lead optimization that
enables ef�cient exploration of sequence space to optimize a Pareto front. BOAT allows users to
leverage existing state-of-the-art in silico tools for antibody property prediction while ef�ciently
exploring Pareto-optimal tradeoffs between up to four competing objectives. Future work will explore
techniques from many-objective optimization to overcome the increased complexity of computing
the Pareto front that quickly becomes problematic as more objectives are added (Ishibuchi et al.,
2008). Additionally, we plan to investigate systematic diversity promotion mechanisms for sequence
generation, as we encountered practical limitations imposed by the genetic algorithm that tends to
converge prematurely and become over-saturated with sequences from a small subset of the sequence
space. We further hope to enhance model expressivity and performance in the future with more
tailored GP models.

Antibody design remains a laborious interplay between wetlab experiments and computationally
driven design, an effort that BOAT effectively streamlines, making it a viable solution for lab-in-the-
loop antibody design.
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A Details about Methods

A.1 Sequence Encodings

One-hot Each amino acid gets encoded as a one-hot vector which get concatenated to encode a
sequence of amino acids.

BLOSUM We follow (Oglic and Gärtner, 2018, 2019; Gessner et al., 2024) and use the eigende-
compositionUDU T of the block-substitution matrix (BLOSUM) to construct embedding
vectorsUjDj 1=2 . BLOSUM (Henikoff and Henikoff, 1992) is an inde�nite matrix that
quanti�es similarities between amino acids by recording the effect of their substitution in
proteins.

A.2 Genetic Optimizer

To generate a new generation in the genetic optimizer, we repeatedly apply:

Tournament selection Sample a subset of the sequences from the previous generation and retain
the best-scoring sequence.

Single-point crossoverHaving sampled two parents via tournament selection, we create two off-
springs by randomly cutting both parental sequences at a sampled position and swapping
the remaining sequence after this position. We apply crossover with a rate of0:7, otherwise
the parents make it to the next step.

Mutation We then apply random mutations to amino acids in the sequence. We use a per-position
mutation probability of 0:1.

This procedure is repeated until the new generation has the desired size. If not stated otherwise, we
use an initial population of size50, and50sequences per generation over20generations. The score
used is the value of the acquisition function at that point, evaluated with the surrogate model.

Not only is the GA a natural choice for sequence optimization, it also permits easy incorporation of
constraints. We can easily restrict the positions that we want to permit mutation in, and restrict the
allowed mutations in each location based on expert knowledge. Furthermore we incorporate liability
�ltering to prevent introducing glycosylation sites and to exclude sequence motifs that are known to
affect stability or other properties of the antibody.

The GA has to be modi�ed for the batch BO version, where the acquisition function is jointly de�ned
over a batch of sequences, i.e.� q : Sq ! R . Hence, the GA no longer evolves individual sequences,
but batches of them. We introduce an additional batch-crossover operation that generates offspring
batches from two parental batches by performing single-point crossover between sequences in the
other batch and swapping sequences between batches with a batch crossover rate of 0:7.

9



Instead of the acquisition function, we can directly interface the objective function as a �tness function
in the GA. This makes the GA an obvious baseline to compare to. In the case of multi-objective
optimization, we employ a sum of normalized scores as the �tness function.

B Experimental Details

In all experiments, we generate 100 initial sequences with 2 maximum mutations for each of 10
different random seeds per method. All methods were allowed up to 1000 oracle calls to evaluate
sequences. Batch acquisition functions had a batch size of 4, so were run for 250 iterations; sequential
EHVI was run for 1000 iterations. All GAs (baselines and within BOAT) scored 50 sequences per
generation over 20 generations. We used one-hot encoding. GA settings were as in Section 3.3 for
both the GA baseline and within the Bayesian optimization loop, except that the mutation probability
was set as 0.15 for all GAs except BOAT runs with the qEHVI acquisition. This was to promote
diversity due to the large number of iterations that other algorithms were run for.

NSGA-II is a GA speci�cally tailored for multi-objective optimization (Deb et al., 2002). NSGA-II
maintains population diversity by mutating solutions along the Pareto frontier and using crowding
distance measures to promote diversity along the Pareto front, though performance degrades with
increasing objectives (Purshouse and Fleming, 2003). We use the version implemented in PyMoo
(Blank and Deb, 2020). For NSGA-II, we use the version implemented in PyMoo (Blank and Deb,
2020) with custom mutation and crossover functions appropriate for sequences.

The GA comparison in this experimental setup is feasible as the objectives used in this section are
fast to evaluate. Running the GA within the inner-loop of the Bayesian optimization takes less than
one second in most cases. However, we reiterate that GAs are generally not suitable for tasks when
objective functions require expensive experimental evaluation or lengthy simulations, highlighting a
key advantage of BO.

Limiting the search space to a maximum of 5 mutations per CDR allows us to brute-force the
computation of the complete Pareto front. We emphasize that direct access to the `ground truth'
Pareto front is rarely available, as the design space is typically vast and exhaustive evaluation using
computational oracles is prohibitively expensive.

C Additional Results

C.1 2 objectives

Figure 3 shows the hypervolume evolution for the cross-reactivity experiment, in which we optimize
CDRs separately with respect to two af�nity-related objectives. We allow up to 5 mutations on each
CDR.
Figure 4 show the Pareto front found by different methods for all seeds that have been average over
in Figure 3. We can see that while the GA and NSGA-II sometimes �nd solutions close to the ground
truth Pareto front, the quality of their outcome strongly depends on the initial seed, which is less so
for all BOAT variants.

Figure 3: Hypervolume evolution for 2-objective CDR optimization. Results averaged over 10 seeds
with standard error.
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(a) CDR1

(b) CDR2

(c) CDR3

Figure 4: Plot comparing Pareto front by seed across different conditions for each CDR. All seeds
are shown.
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