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Abstract

Antibody lead optimization is inherently a
multi-objective challenge in drug discovery.
Achieving a balance between different drug-
like properties is crucial for the development
of viable candidates, and this search becomes
exponentially challenging as desired proper-
ties grow. The ever-growing zoo of sophis-
ticated in silico tools for predicting anti-
body properties calls for an efficient joint op-
timization procedure to overcome resource-
intensive sequential filtering pipelines. We
present BOAT, a versatile Bayesian optimiza-
tion framework for multi-property antibody
engineering. Our ‘plug-and-play’ framework
couples uncertainty-aware surrogate model-
ing with a genetic algorithm to jointly opti-
mize various predicted antibody traits while
enabling efficient exploration of sequence
space. Through systematic benchmarking
against genetic algorithms and newer gen-
erative learning approaches, we demonstrate
competitive performance with state-of-the-
art methods for multi-objective protein op-
timization. We identify clear regimes where
surrogate-driven optimization outperforms
expensive generative approaches and estab-
lish practical limits imposed by sequence di-
mensionality and oracle costs.

1 INTRODUCTION

Lead optimization lies at the heart of therapeutic an-
tibody development, where the goal is to advance
promising candidates into clinically viable drugs. In
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this process, candidates are systematically improved
to meet multiple, often competing, criteria such as
binding affinity, manufacturability, biophysical stabil-
ity, and immunogenicity. The specific combination
of properties targeted can vary significantly between
campaigns, with some requiring cross-species reactiv-
ity to enable testing human therapeutics in animal
models, while others prioritize developability or other
traits. Optimization efforts typically focus on the
complementarity-determining regions (CDRs) of the
antibody, the variable loops responsible for antigen
binding (Sela-Culang et al., 2013). Heavy chain CDRs
are often prioritized, particularly CDR-H3, which ex-
hibits the greatest diversity and contributes most sig-
nificantly to binding (Xu and Davis, 2000). As the
number of required properties grows, the complexity of
searching for optimal antibody sequences quickly out-
paces what can be achieved through traditional trial-
and-error or single-target screening methods. The ex-
ponential growth in sequence and property space cre-
ates a pressing need for systematic strategies that can
efficiently navigate these multidimensional landscapes.

Modern in silico approaches have emerged as indis-
pensable tools in addressing these challenges, allow-
ing scientists to rapidly predict and evaluate pro-
tein features before experimental validation. Machine
learning-based property predictors and physics-based
simulations offer the potential to assess vast libraries
of antibody variants at a much lower cost than ex-
perimental validation. Still, the computational re-
sources required for tasks such as structure prediction
or simulating relative binding free energies are sub-
stantial. Hence, a systematic approach is needed to
decide which candidates to score. Furthermore, inte-
grating these predictive models for multiple objectives
presents methodological hurdles: conflicting property
requirements may restrict sequence innovation, and
poor predictive power complicates decision-making.
Therefore, methodologies capable of jointly optimizing
multiple objectives while quantifying uncertainty are



vital for designing new experiments and steering anti-
body engineering towards the most promising leads.

We address these challenges with BOAT (Bayesian
Optimization for Antibody Traits), a versatile multi-
objective Bayesian optimization framework for anti-
body sequences, illustrated in Figure 1. BOAT sup-
ports easy interfacing of arbitrary in silico predictors,
and allows for either full sequence optimization or
region-specific optimization. This allows users lever-
age appropriate scoring functions depending on par-
ticular requirements posed in lead optimization cam-
paigns. BOAT has been constructed as the inner loop
in a single sequence design step of an outer ”wetlab
loop”. While data from previous wetlab experiments
may be used to inform oracles, BOAT remains agnostic
of experimental data. Thus, it remains up to the user
to validate their selected oracles prior to optimizing
them with BOAT. While we focus here on antibodies,
the approach extends naturally to other therapeutic
proteins and small molecules. In this work, we consider
models for binding affinity, humanness evaluation, as
well as structure prediction for joint optimization. Hu-
manness prediction assesses how closely an engineered
antibody sequence resembles naturally occurring hu-
man antibodies—a critical property for therapeutic
development, as higher humanness typically reduces
immunogenicity and improves safety profiles.

Key Contributions

• We construct a light-weight ‘plug-and-play’
Bayesian multi-objective optimization framework
to optimize antibody lead candidates against
computationally predicted properties of interest.
Code can be found at https://github.com/

AstraZeneca/boat.

• We perform rigorous benchmarking of Bayesian-
based optimization with surrogate models versus
genetic and generative baselines, quantifying ora-
cle efficiency, diversity and Pareto front quality.

• We demonstrate that our method efficiently ex-
plores the Pareto front where the combinatorial
ground truth is available. This approach enables
the systematic identification of Pareto optimal
candidates, allowing for the selection of antibodies
that represent balanced trade-offs between multi-
ple objectives according to specific priorities.

• We deliver guidelines for the selection of ap-
proaches for experimental design in antibody en-
gineering, grounded in systematic scaling and in-
tegration of both inexpensive and computation-
ally demanding oracles.
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Figure 1: Illustration of the BOAT loop for lead op-
timization (LO). LO campaigns typically consist of a
few rounds of experimental testing of the order of a
hundred sequences in the wetlab, where previous ex-
periments inform the sequence design for the next it-
eration of the wetlab loop. The BOAT loop can be
thought of as an inner loop in a single sequence design
step of the wetlab loop, leveraging sophisticated tools
used for computationally assessing sequences. The
multi-objective optimization loop eliminates the com-
mon practice of generating a large pool of sequences
and filtering them down by sequentially passing them
through the different oracles, which is computationally
inefficient and unaware of Pareto trade-offs. The ora-
cles used depend on the requirements of the LO cam-
paign, and can be exchanged flexibly. See Section 2
for details on the internal building blocks of BOAT.

2 MATERIALS AND METHODS

2.1 Multi-Objective Bayesian Optimization

Bayesian Optimization (BO) provides a sample-
efficient framework for global optimization by main-
taining a probabilistic surrogate model of the objective
function and using acquisition functions to guide the
search. See Frazier (2018); Garnett (2023) for a de-
tailed introduction to BO. Generally, BO seeks to find
the maximum of a function f : X → R in as few eval-
uations as possible, where f is often expensive to eval-
uate and lacks structure (e.g., closed-form gradients)
that would make it amenable to direct optimization
methods.

Given a dataset of previous (potentially noisy) eval-
uations Dt = (xi, yi)i=1,...,t, a probabilistic surrogate
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model p(f |Dt) is fit to this dataset which captures the
current belief about the unknown objective function f ,
where yi = f(xi) + ϵi and ϵi ∼ N (0, σ2). A Gaussian
process (GP) (Williams and Rasmussen, 2006) is the
most commonly used surrogate model, enabling non-
parametric regression and providing both mean and
uncertainty estimates at each input point x. GPs are
popular due to their closed-form posteriors, flexibility
in kernel choice for encoding different data structures
and inductive biases, and strong performance in data-
scarce regimes.

An acquisition function α(x|Dt) quantifies the util-
ity of evaluating f at each candidate input point,
given predictions from the surrogate model, balanc-
ing exploitation of regions with high predictive per-
formance against exploration of uncertain and under-
explored areas. The next evaluation point is se-
lected by optimizing this acquisition function: xt+1 =
argmaxx α(x|Dt). After evaluating yt+1 = f(xt+1),
the dataset is augmented and the process repeats un-
til a stopping criterion is met or the evaluation bud-
get is exhausted. For single-objective optimization, we
use Log Expected Improvement (LogEI) (Ament et al.,
2023), and for multi-objective optimization, we use Ex-
pected 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 associ-
ated hypervolume. We note that other multi-objective
alternatives exist, such as MORBO (Daulton et al.,
2022) and ParEGO (Knowles, 2006). Our implemen-
tation leverages the BOTorch framework (Balandat
et al., 2020), which also allows batch extensions of the
acquisition functions above (Daulton et al., 2020) and
whose modular design enables straightforward exten-
sion to additional acquisition functions.

2.2 BO in Sequence Space

Common kernels for Gaussian processes map from
Rd × Rd or a subset thereof to the real line. To ap-
ply Bayesian optimization to sequences of amino acids
defined by strings s ∈ S, there are two options, 1) to
define a string kernel that operates on string space di-
rectly, or 2) to embed the sequences to represent them
in a numerical space. We choose the latter approach
and consider the following sequence encodings,

One-hot Each amino acid gets encoded as a one-hot
vector; sequences are encoded as a concatenation
of one-hot encoded amino acids.

Bag of amino acids To include sequence motifs be-
yond individual amino acids, we encode matching

n-grams (with n=5), similar to the bag of words
embedding.

BLOSUM We follow (Oglic and Gärtner, 2018, 2019;
Gessner et al., 2024) and use the eigendecom-
position UDUT of the block-substitution matrix
(BLOSUM) with similarity 45 to construct em-
bedding vectors U |D|1/2. BLOSUM (Henikoff and
Henikoff, 1992) is an indefinite matrix that quanti-
fies similarities between amino acids by recording
the effect of their substitution in proteins.

AbLang-2 AbLang-2 is an antibody-specific protein
language model providing embeddings of anti-
body sequences taking into account learned con-
text across the sequence (Olsen et al., 2024).

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

kTanimoto(x,x
′) =

⟨x,x′⟩
∥x∥2 + ∥x′∥2 − ⟨x,x′⟩

. (1)

The Tanimoto similarity was initially used to compare
binary molecular fingerprints of small molecules, but
has been extended for more general molecular embed-
dings that lie in Rd.

2.3 Genetic Optimizer

While some embeddings, such as one-hot and BLO-
SUM, admit an explicit reconstruction of amino acid
sequences, they still represent fundamentally discrete
objects. Although the embeddings are vector-valued,
each dimension corresponds to categorical amino-acid
choice, and most points in this vector space do not
correspond to valid sequences. While the acquisition
function is differentiable in principle, a gradient-based
optimizer would move through arbitrary real-valued
vectors; projecting these vectors back to the nearest
valid discrete sequence would result in large, seman-
tically meaningless jumps. We instead use a genetic
algorithm (GA), a discrete optimization method, to
generate sequences guided by the acquisition score. In
each iteration of the BO loop, we generate an initial
population by slightly mutating the previously evalu-
ated sequences – this way, we ensure not to start in a
local minimum of the acquisition function. To gener-
ate a new generation, we repeatedly apply:

Tournament selection Sample a subset of the pre-
vious generation and retain the best-scoring se-
quence.



Single-point crossover Having sampled two par-
ents via tournament selection, we create two off-
springs by randomly cutting both parental se-
quences at a sampled position and swapping the
remaining sequence after this position. We apply
crossover with a rate of 0.7, 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 either 0.1 or 0.15.

This procedure is repeated until the new generation
has the desired size. The parameters have been cho-
sen from an initial tuning phase. If not stated oth-
erwise, we use an initial population of size 50, and
50 sequences per generation over 20 generations. 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 op-
timization, it also permits easy incorporation of con-
straints. 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 filtering to pre-
vent the introduction of glycosylation sites and to ex-
clude sequence motifs that are known to affect stability
or other properties of the antibody.

The GA is modified for the batch BO version, where
the acquisition function is jointly defined over a batch
of sequences, i.e. αq : Sq → R. Hence, the GA
no longer evolves individual sequences, but batches
of them. We introduce a 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.

Instead of the acquisition function, we can directly in-
terface the objective function as a fitness function in
the GA. This makes the GA an obvious baseline to
compare to. In multi-objective optimization, we em-
ploy a sum of normalized scores as the fitness function.

2.4 Oracles

Affinity predictor We train a neural network pre-
dictor on experimental affinity data for each con-
sidered antibody-antigen pair to predict relative
improvement of affinity over the parental. To han-
dle the small number of data points, we augment
the dataset by considering the difference in affin-
ity 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 to predict the delta in binding affinity with

respect to a reference sequence (e.g., parental se-
quence).

Humanness score We use promb’s implementation
of the OASis score (Prihoda et al., 2022), a hu-
manness score based on 9-mer peptide search in
the Observed Antibody Space (OAS) (Kovaltsuk
et al., 2018).

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

Structure prediction Structure prediction tools do
not inherently predict antibody properties that
can be measured in the laboratory. However, they
provide scores that represent the confidence of the
model about the predicted structure. We use the
interface predicted TM score (ipTM) from Boltz-2
(Passaro et al., 2025) to score model confidence at
the interface between the antibody and the anti-
gen, a metric with potential correlation to binding
signal (Zambaldi et al., 2024). With a runtime in
the order of minutes per sequence on a GPU, this
is the slowest objective we are considering.

Antibody lead optimization campaigns may target dif-
ferent sets of properties; one campaign might focus
more on developability, while another might target
cross-reactivity to multiple antigens, requiring a com-
plete disparate set of in silico predictors.

BOAT provides a simple scoring function interface
that makes interchanging scoring functions straight-
forward. Building purely on oracles, BOAT does not
directly address the issue of oracle quality - it is up
to the user to decide which oracles to use for a par-
ticular campaign. This design choice reflects the fact
that experimental measurements are costly and slow
to obtain, and that in silico predictors are imperfect
but often serve as the best available proxies during
lead optimization. We can leverage well-studied and
sophisticated predictors instead of relying on predic-
tors trained purely on small experimental datasets.
In principle, the framework supports weighting ora-
cles according to user preference - for example, the
Expected Weighted Hypervolume Improvement crite-
rion extends EHVI to accommodate weighted objec-
tives (Feliot et al., 2018).

3 RELATED WORK

Traditional and Evolutionary Baselines Ge-
netic and evolutionary optimizers have long been used
for optimizing black-box functions in discrete spaces;
see Katoch et al. (2021) for a recent review. These al-
gorithms gradually evolve a solution through random



mutation, crossover and selection without gradients.
Multi-objective extensions like NSGA-II (Deb et al.,
2002) optimize for diverse Pareto-optimal solutions.

Traditional approaches are often inefficient in pro-
tein design given the high-dimensional sequence space
(Turner et al., 2021). This has motivated special-
ized protein evolutionary algorithms that incorporate
domain-specific knowledge, such as AdaLead (Sinai
et al., 2020) and PEX (Ren et al., 2022). Some meth-
ods use neural networks or language models to guide
mutation selection (Nigam et al., 2019; Yang et al.,
2019; Nana Teukam et al., 2025).

Generative Models and Reinforcement Learn-
ing (RL) Recent advances in generative modeling
have enabled the synthesis of novel, plausible anti-
body sequences by learning from large corpora of pro-
tein data. Key approaches include transformer-based
protein language models trained using either masked
language modeling or next-token prediction objectives
(in autoregressive models) (Rives et al., 2021; Ferruz
et al., 2022; Nijkamp et al., 2023). Most autoregres-
sive language models are limited to generating full se-
quences, but there exist extensions for conditional in-
filling to redesign specific regions like CDRs (Shuai
et al., 2023; Melnyk et al., 2023). Diffusion models
represent another promising direction (Ho et al., 2020);
see He et al. (2025) for a recent review. These models
are increasingly fine-tuned to steer generation towards
sequences or edits which respect developability con-
straints and optimize certain objectives (Goel et al.,
2024; Yang et al., 2025). RL offers a flexible frame-
work to align pre-trained generative models with spe-
cific experimental objectives, often employing policy
gradient methods such as REINFORCE to optimize
the generation towards specific properties. Both prox-
imal policy optimization (PPO) (Angermueller et al.,
2019; Lee et al., 2025a) and Direct Preference Opti-
mization (DPO) (Widatalla et al., 2024) have been
applied to single-objective protein design.

Bayesian Optimization BO uses uncertainty-
calibrated surrogates and acquisition functions for
sample-efficient optimization of expensive black-box
objectives. Rather than learning to generate sequences
directly, BO methods iteratively propose candidates
by balancing exploration of uncertain regions with ex-
ploitation of high-performing areas in the search space,
and evaluate proposals using a predictive oracle or real
experimental data. However, most current BO frame-
works target single objectives or specific architectures,
limiting applicability to multi-objective antibody de-
sign; (González-Duque et al., 2024) provides a recent
survey of BO methods for antibody design. A key
challenge is the high-dimensional nature of discrete se-
quence space (Wang et al., 2016).

Latent Space Bayesian Optimization employs a BO
framework within a continuous latent space to search
for optimal sequences. While many approaches use a
Variational Autoencoder (VAE) pretrained on a large
dataset (Gómez-Bombarelli et al., 2018; Tripp et al.,
2020; Notin et al., 2021; Lee et al., 2023; Moss et al.,
2025), recent advances exploit the robust feature learn-
ing capabilities of Denoising Autoencoders (DAEs)
(Maus et al., 2022; Stanton et al., 2022; Gruver et al.,
2023). However, ensuring decoded sequences remain
plausible is challenging. Lee et al. (2025b) approach
this in single-objective sequence optimization using au-
toregressive normalizing flows to eliminate the recon-
struction gap. These methods also require a very large
training dataset.

Other approaches operate directly in sequence space
using specialized kernels and discrete optimization
methods. BOSS (Moss et al., 2020) employs string
kernels with genetic algorithms for acquisition opti-
mization, while AntBO (Khan et al., 2022) uses a
Transformed Overlap Kernel (TK) and a deep Protein-
BERT (Brandes et al., 2022) kernel for CDRH3 opti-
mization. AntBO additionally employs trust-region-
based search restrictions (Eriksson et al., 2019), which
can help the search in high dimensions (Zhang et al.,
2021). Recent work has also explored hybrid ap-
proaches that combine generative modeling with BO
principles. CloneBO (Amin et al., 2024) combines lan-
guage models trained on clonal families with Thomp-
son sampling for biologically-informed optimization.

Multi-Objective Optimization Few approaches
directly consider multi-objective optimization, where
the hypervolume indicator is typically used to quan-
tify the quality of the Pareto front. Ren et al. (2025)
incorporates multiple objectives as constraints in an
RL framework, while other approaches use gradient-
based optimizers requiring differentiable predictors or
lengthy computation (Emami et al., 2023; Luo et al.,
2025). LaMBO and LaMBO-2 (Stanton et al., 2022;
Gruver et al., 2023) extend a BO framework with
DAEs and generative infilling to multiple objectives,
using expected hypervolume improvement (EHVI) as
an acquisition function. ALLM-Ab (Furui and Ohue,
2025) uses a fine-tuned protein language model in an
active learning framework where sequences are selected
based on hypervolume maximization. Our work rep-
resents the first multi-objective BO framework for op-
timizing black-box in-silico predictors directly in dis-
crete sequence space.

4 EXPERIMENTS

We evaluate our multi-objective Bayesian optimization
framework across three experimental settings: the op-
timization of a single-domain antibody with a focus



on cross-reactivity, a benchmark comparison against
LaMBO-2, and additional studies examining the im-
pact of key design choices in the Appendix.

4.1 Cross-reactivity of a VHH

We ran BOAT on a therapeutic nanobody (VHH), a
single-domain antibody derived from the heavy chain
variable domain, to demonstrate the practical applica-
bility of our framework to real-world antibody design
scenarios. The lead optimization objective is to in-
troduce cross-reactivity to two similar antigens, i.e.,
to enhance binding affinity on both while retaining
or improving developability properties. We systemati-
cally 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 single-point mutations that we have experi-
mental data for. This way we prevent reliance on an
oracle that has not observed certain mutations, and
because BOAT and all baselines use the same dictio-
nary, it does not introduce bias into the comparative
evaluation. This setting reduces the size of the search
space and allows us to brute-force the computation of
the complete ‘ground truth’ Pareto front, defined as
the Pareto front induced by exhaustively enumerated
oracle scores, for up to 3 objectives.

Our goal is to evaluate whether BOAT can efficiently
recover the Pareto front as defined by the in silico
predictors and explore the sequence space to optimize
the predictor values; the true experimental landscape
is not available for these antibody systems. We em-
phasize 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. We progressively
increase the number of objectives from 2 to 4 to evalu-
ate the scalability of BOAT with problem dimensional-
ity and compare sequential and batch design. For the
main task of introducing cross-reactivity, we leverage
two affinity predictors described in Section 2.4 that
were trained on the experimentally measured affinities
for both antigens of 340 single-point and 26 quadruple
mutations. We add the humanness score (third) and
a PLM log-likelihood (fourth - where computing the
ground truth was intractable) as additional objectives
(cf. Section 2.4).

We benchmarked against two GA baselines. Our first
GA baseline was set up as a standard GA (described
in Section 2.3) which optimizes a normalized sum of
the objectives. Our second GA baseline is NSGA-II
(Deb et al., 2002), a GA specifically tailored for multi-
objective optimization. NSGA-II maintains popula-
tion diversity by mutating solutions along the Pareto

frontier, though performance degrades with increasing
objectives (Purshouse and Fleming, 2003).

We evaluated our methods by comparing their discov-
ered Pareto fronts to the ground truth where available,
and track how the hypervolume evolves over oracle
calls. By default, BOAT computes the reference point
at the start of optimization as the minimum of the ini-
tially scored sequences minus 10%. For fair and consis-
tent comparison of hypervolumes across different ini-
tializations, we fixed the hypervolume reference point
across all experiments. We set it to [−3,−3, 0,−1]
for the two affinity predictors, humanness score, and
the PLM log-likelihood respectively, using prior knowl-
edge of the oracle score ranges. 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. See
Appendix A for further experimental details. We note
that the ground truth hypervolume and search space is
much higher for CDR3. It is easier to destabilise bind-
ing for CDR3, and CDR3 is known to be the most im-
portant for antigen recognition (Xu and Davis, 2000).
We focus ablations on CDR3, comparing encodings
and batch sizes for batch BO in Appendix C and E,
respectively.

4.1.1 Hypervolume evolution

Figure 2: Hypervolume vs. iterations (mean ± s.e.,
10 seeds) for CDR1–3 under 2, 3, and 4 objectives.
BOAT variants (q indicates batch acquisition func-
tions) outperforms GA-sum and NSGA-II. Red dashed
lines show ground-truth hypervolume where available.

Figure 2 shows the hypervolume evolution as a func-
tion of oracle calls for all methods across CDR1–CDR3
and across 2, 3, and 4 objectives. BOAT variants con-



sistently reach higher hypervolume earlier and achieve
larger final hypervolume than GA baselines, and main-
tains its effectiveness even in higher-dimensional ob-
jective spaces. Batch acquisition (qEHVI, qNEHVI)
favours broader exploration early with a lower hyper-
volume, but there was no significant difference in the fi-
nal hypervolume found between acquisition functions.
NSGA-II underperforms progressively as the number
of objectives increases, consistent with prior reports.

qNEHVI became much slower when increasing the
number of objectives; while two-objective qNEHVI
evaluations complete in seconds, three objectives re-
quires several minutes per BO step (> 100 times
slower). This rapid degradation is consistent with find-
ings in Daulton et al. (2021). As qNEHVI did not out-
perform qEHVI in the 2-objective setting, we did not
use this for more objectives. For the 4-objective set-
ting, querying the PLM is the bottleneck, so we report
batch BOAT versus GA baselines only.

4.1.2 Validation against ground truth,
sequence diversity, and PLM

In 2 dimensions, we can visualize the discovered Pareto
front against the ‘ground truth’ Pareto front derived
from exhaustive evaluation. A subset of these plots
is visualized in Figure 3, 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 are in Ap-
pendix D. BOAT traces fronts close to the true frontier
and often recovers true Pareto-optimal sequences even
in CDR3’s 63M-sequence space.

To evaluate whether our multi-objective optimization
approach leads to improved fitness beyond the explic-
itly optimized objectives, we scored the first 300 gener-
ated sequences from each method using ESM-2 in the
3-objective setting. Figure 4 reveals that BOAT pro-
duces sequences with slightly higher PLM scores early
in the optimization process without explicitly optimiz-
ing for this. Multi-objective BO naturally favours se-
quences with better biological fitness, even when all
methods operate under identical mutation constraints.

To assess the diversity of solutions discovered by each
method, we computed the average Shannon entropy
for all generated sequences for every 100 generated se-
quences, for all methods in the 2-objective setting. A
visualization of the results for CDR3 can be seen in
Figure 5a, comparing Shannon entropy to hypervol-
ume and iteration, with additional figures for other
CDRs in Appendix B. Batch acquisition methods
(BOAT-qEHVI, BOAT-qNEHVI) achieve the optimal
combination of both high hypervolume performance

(a) CDR1

(b) CDR2

(c) CDR3

Figure 3: Discovered vs. ground truth Pareto fronts
for 2-objective CDR optimization with 5 mutations.
Each panel shows the best-performing seed for GA
methods (left) and BOAT (right). We can see that
even the most successful GA runs fall behind BOAT.

Figure 4: PLM evolution for the first 300 generations
of 3-objective CDR3 optimization, with the best PLM
score of all generated sequences and the mean score
of the top 3 PLM scores recorded. Results averaged
over 10 seeds with standard error. Note that the x-axis
starts at 100 to omit the initial sequences.

and high sequence diversity. The larger diversity likely
stems from the batch acquisition’s inherent mecha-
nism of selecting multiple diverse candidates simulta-



neously, naturally promoting exploration of different
regions of the sequence space. BOAT-EHVI, while
achieving competitive hypervolume performance, ex-
hibits lower sequence diversity, suggesting more fo-
cused exploitation around promising regions. While
both GA methods are inferior in hypervolume perfor-
mance, it is interesting that GA-sum is able to explore
more diverse sequences compared to NSGA-II. High
sequence diversity is crucial for experimental valida-
tion campaigns, as it provides multiple distinct candi-
dates for testing while maintaining optimization qual-
ity. Figure 5b shows that BOAT successfully maintains
sequence diversity throughout the algorithm.

(a) Diversity vs. HV (b) Evolution of diversity

Figure 5: (a) Scatter plot of hypervolume versus Shan-
non entropy for all seeds, methods, and every 100 it-
erations for CDR3. Initial solutions are highlighted in
gold. Each point represents the diversity and multi-
objective performance of a population at a given opti-
mization step. (b) Evolution of Shannon entropy over
optimization iterations for CDR3. Results averaged
over 10 seeds with standard error bands.

4.1.3 Structure prediction oracle

We further consider a 3-objective setup with two
affinity predictors and Boltz-2 for structure predic-
tion, where we considered ipTM the score of inter-
est to optimize; further details are in Appendix A.2.
Boltz-2 metrics are challenging oracles that rely on
a powerful 3D antibody-antigen representation from
the AlphaFold Pairformer. Unsurprisingly, the Tani-
moto model with BLOSUM encoding struggles to cap-
ture this structural complexity. The GA interestingly
achieves comparable performance to Bayesian opti-
mization methods via semi-random mutations in this
scenario, cf. Figure 6. Remarkably, NSGA-II does con-
sistently worse here.

4.2 4-4-20 scFv Antibody

4.2.1 Dataset and Experimental Setup

We now run a comparison of multi-objective optimiza-
tion between BOAT and LaMBO-2 (Gruver et al.,

Figure 6: Hypervolume evolution for 3-objective CDR
optimization. Initial HV has been subtracted. Results
averaged over 5 seeds with standard error.

2023). LaMBO-2 requires a corpus of training data
to be used as it trains its own predictive model f∗,
rather than allowing for the use of any external ora-
cle in its optimization loop. We use a public dataset
from Adams et al. (2016), which is featured in the
Fitness Landscape of Antibodies (FLAb) benchmark
(Chungyoun et al., 2024). This consists of 10K+ affin-
ity and expression measurements derived from mu-
tating CDR1 and CDR3 regions of the 4-4-20 scFv
antibody (Boder and Wittrup, 1997). This dataset
contains between 3 and 18 repeated measurements for
each antibody, so we take a mean of the repeats and
retain only sequences with both affinity and expres-
sion measurements, resulting in 2807 total sequences.
We extracted the predictive model f∗ from LaMBO-
2’s trained discriminative head as the black-box oracles
used in BOAT for prediction of affinity and expression,
enabling a fair comparison between the methods.

We generated 256 sequences from each method; fur-
ther details can be found in Appendix G.1. We limit
mutations to CDR1 and CDR3 and allow BOAT to
introduce up to 8 mutations, a constraint used in a
lead optimization study in (Gruver et al., 2023). This
allows for more mutational freedom than previously as
we edit two CDRs.

4.2.2 Results

We see from Figure 7 that the hypervolume found by
BOAT is generally larger than for LaMBO-2 through-
out optimization. The predicted scores of the gener-
ated sequences indicate that BOAT is often able to
push further toward Pareto-optimality than LaMBO-
2. However, LaMBO-2’s saliency-guided editing mech-
anism encourages mutations to amino acids observed
in the training data, potentially generating more bio-
logically realistic sequences backed with training data,
whereas BOAT does not impose biological priors. This
may enable exploration of less common, yet beneficial
mutations.



Figure 7: Comparing
relative hypervolume
versus number of gener-
ated sequences between
BOAT and LaMBO-2.
The reference hyper-
volume of 1 has been
assigned to the parental
sequence.

To constrain BOAT
to more realistic se-
quences, we added
ESM-2 likelihood as a
third oracle, but only
compare the hyper-
volume given by the
affinity and expression
predictions in Figure 7.
This counteracts the
tendency of BOAT to
discover sequences with
implausible predictive
values relative to the
training distribution.
These artifacts arise
due to overfitting and
mislead the optimiza-
tion process toward
sequences with artificially inflated predicted perfor-
mance. Given the limited and imbalanced training
data, such behaviour is not unexpected but reflects
common issues in in silico lead optimization. Ap-
pendix G.2 contains further insights and discussion
about the respective merits of LaMBO-2 and BOAT.

This comparison has inherent limitations that merit
discussion. LaMBO-2’s architecture tightly couples a
generative diffusion model with a discriminative head
through shared layers, making it impossible to substi-
tute external oracles for evaluation. LaMBO-2 is ele-
gant in that it condenses the entire computational an-
tibody design into a single procedure without human
intervention. This is powerful for designing sequences
purely from experimental measurements of candidate
traits. However, the human-in-the-loop design ap-
proach taken with BOAT is preferential to leverage
both expert knowledge and state-of-the-art external
predictors for diverse properties, some of which may
not be directly measured in wet-lab experiments. Our
plug-and-play approach addresses this limitation by
treating predictors as modular components that can be
easily swapped or added, while achieving comparable
or superior performance in identifying high-performing
sequences.

5 DISCUSSION

In this work, we presented BOAT, a lightweight plug-
and-play multi-objective Bayesian optimization frame-
work for antibody lead optimization that enables effi-
cient exploration of sequence space to optimize Pareto
trade-offs between multiple objectives. BOAT allows
users to interface arbitrary tools for antibody prop-
erty prediction, enabling the joint optimization of ex-
isting state-of-the-art in silico oracles. BOAT oper-

ates directly in sequence space, does not require any
pre-training, and performs competitively with only
a few initial scored sequences. The success on two
antibody candidates highlights a critical gap in cur-
rent protein design methodology: most existing ap-
proaches optimize single objectives or require exten-
sive pre-training, yet real-world antibody develop-
ment demands simultaneous optimization of multiple
properties with small experimental budget and long
timescales. BOAT bridges this gap through its mod-
ular design, allowing users to easily interface external
oracles - which are not limited to those included in this
work. This flexibility makes it practical for real-world
antibody design.

While being simple and versatile, BOAT has impor-
tant limitations and potential for future research. We
observed in Section 4.1.3 that the oracle’s complex-
ity can compromise the performance of the BOAT’s
surrogate model. A step ahead would be to leverage
more tailored surrogates for antibody modelling, either
through protein-specific kernels (Groth et al., 2024) or
encodings that capture antibody structure (Malherbe
and Ucar, 2024). Section 4.2 revealed that biological
priors can prevent the generation of out-of-distribution
sequences, and could be straightforwardly included in
the GA by sampling from a PLM likelihood instead of
uniformly. Other areas of research can look into other
acquisition functions; trust region Bayesian optimiza-
tion (Eriksson et al., 2019) has seen success in other
high-dimensional regimes. While BOAT still explored
sequence space well with 4 objectives, it is known that
GPs perform poorly in very high dimensions (Binois
andWycoff, 2022). While it is likely that some filtering
by certain properties will take place in real-world pro-
tein design if more properties were desired, we could
explore further extensions to the Tanimoto GP used.

As a predominant challenge inherent to in silico lead
optimization, BOAT accepts oracle predictions as the
‘ground truth’. The Pareto front found for compu-
tational oracles might only poorly represent the true
underlying experimental Pareto front if the predictive
power of the oracles is poor. Yet, the discrepancy be-
tween in silico predictions and experimental measure-
ments, especially for affinity, is a common issue in an-
tibody design, aggravated by data scarcity. Hence, the
ultimate experimental performance of BOAT hinges on
oracle quality. An exciting yet challenging direction
of future research might be to inform BOAT surro-
gates with experimental data and leverage the learned
correlation with oracles to directly optimize experi-
mental properties. Besides data availability, a strong
inductive bias will be needed to leverage correlations
between experiments and in silico predictors success-
fully.
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A FURTHER EXPERIMENTAL DETAILS - CROSS-REACTIVITY

A.1 5 maximum mutations

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 (indiciated by a ‘q’ in the acquisition function; qEHVI and qNEHVI) 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 4.1
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. 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.

A.2 Structure prediction oracle

We considered a total of 512 oracle calls after the initial 50 evaluations. This translates to 16 rounds of 32 new
sequences in the GAs, and 64 iterations of BOAT using a batch size of 8. The GA for optimizing the acquisition
function had a budget of 50× 50 sequences in every BOAT iteration.

B SHANNON ENTROPY FOR OTHER CDRs

(a) CDR1 (b) CDR2

Figure 8: Scatter plots of hypervolume versus Shannon entropy for CDR1 and CDR2 optimization. Each point
represents the diversity and multi-objective performance of a population at a given optimization step, showing
results for all seeds, methods, and every 100 iterations. Initial solutions are highlighted in gold.



Figure 9: Evolution of Shannon entropy over optimization iterations for CDR1, CDR2, and CDR3 regions.
Results averaged over 10 seeds with standard error bands, showing how population diversity changes throughout
the optimization process across all three CDR regions. Note BOAT-qEHVI performs almost exactly in line with
BOAT-qNEHVI.

C COMPARING ENCODINGS

We compared the performance of different encodings (see Section 4.1) across 10 seeds when optimizing CDR3 for
the VHH antibody. We allowed for 5 maximum mutations on CDR3, and optimized for 2 affinity objectives. For
each encoding, we tested EHVI, qEHVI and qNEHVI (with batch sizes 4), apart from AbLang-2, where we only
tested qEHVI, as the computational cost of querying a language model made it significantly slower than all other
encodings; each run of a GA took up to two minutes compared to less than five seconds for other encodings.

(a) Comparisons of encodings for the EHVI and qEHVI
(batch size 4) acquisition functions.

(b) Comparisons of encodings for the qNEHVI acqui-
sition function.

Figure 10: Plots comparing the hypervolume of the Pareto front by iteration of the BO algorithm for different
encodings considered in Section 4.1.

We saw in this example that the BLOSUM and one-hot encodings performed similarly. AbLang-2 actually
performed worse than both BLOSUM and one-hot over 10 seeds, despite the encoding being more complex. Bag
of amino acids was the worst performer of all the encodings. In further experiments, we used either BLOSUM
or one-hot encoding, as both were relatively fast and performed equivalently well.



D FULL COMPARISON FOR 5 MUTATIONS FOR ALL SEEDS

(a) CDR1

(b) CDR2

(c) CDR3

Figure 11: Plot comparing Pareto front by seed across different conditions for each CDR. All seeds are shown.
It is clear especially in CDR3 runs that GAs tend to explore smaller Pareto fronts.



(a) CDR1 (200 oracle calls)

(b) CDR2 (200 oracle calls)

(c) CDR3 (200 oracle calls)

Figure 12: Plot comparing Pareto front after 300 generated sequences (200 oracle calls after 100 initial sequences)
by seed across different conditions for each CDR. All seeds are shown. Early in the algorithm (especially for
CDR3), BOAT is able to explore much closer to the ground truth Pareto front compared to GAs.



E COMPARING BATCH SIZE

(a) Hypervolume evolution comparison of batch sizes
for CDR3, using qEHVI acquisition function.

(b) Scatter plots of hypervolume versus
Shannon entropy for CDR3 optimization.
Initial solutions are not shown.

Figure 13: Plots for experiments when ablating batch size using the qEHVI acquisition function for CDR3 with
2 objectives and 5 maximum mutations, using batch sizes 2, 4, 8, 10. Other experimental details are kept the
same as before. For (b), as before, each point represents the diversity and multi-objective performance of a
population at a given optimization step, showing results for all seeds and batch sizes, and every 100 iterations.

We see in Figure 13a that although we see decreased performance in terms of hypervolume improvement as we
increase the batch size for the qEHVI acquisition function - especially towards the beginning of the algorithm -
as we perform more iterations, results become more similar, with batch sizes 2 and 4 almost indistinguishable.
As expected, we see more diversity as measured by Shannon entropy when using larger batch sizes, as seen in
Figure 13b.

F 4 MAXIMUM MUTATIONS

We ran a similar experiment to that in the main paper for 5 maximum mutations, but instead with 4 maximum
mutations, which had a much smaller search space - CDR3 had 3975741 ground truth sequences, for example.
We visualize the Pareto fronts found versus the ground truth in Figure 14.



(a) CDR1

(b) CDR2

(c) CDR3

Figure 14: Plot comparing Pareto front by seed across different conditions for each CDR. All seeds are shown.
Similarly to the 5 mutations example, GAs visually do not explore as much of the ground truth Pareto front
compared to BOAT.



G COMPARISON WITH LaMBO-2

G.1 Details on the experimental setup

Training of the discriminative head for LaMBO-2 was run for 100 epochs. For longer training, we observed the
validation error increase. 561 sequences were held out for testing. We optimized 16 seed antibodies, which were
all set to be the wild-type sequence, and ran LaMBO for 8 steps (with 4 guidance updates per step), leading
to 256 total sequences being generated and evaluated. All other parameters followed default settings from the
cortex GitHub implementation of LaMBO-2. For numerical stability and to phrase the optimization problem
as an unconstrained maximization problem, we take the negative logarithm of the measured kD values and
log-transform the expression data.

To provide BOAT with a fair comparison, we used LaMBO-2’s trained discriminative head f∗ as the black-box
objectives for BOAT (predicting affinity and expression). We initialized with 16 sequences containing up to 2
mutations from the wild-type, scored these with f∗, then ran BOAT for 256 iterations in the sequential setting
using EHVI, and for 64 iterations with a batch size of 4, i.e., also 256 oracle calls, for qEHVI. Given the modest
training dataset size and corresponding uncertainty in the discriminative head’s predictions, we also ran qNEHVI
to explicitly model the noise in objective function evaluations with the same batch size as qEHVI. We ran both
models with 5 different seeds. In order to maintain comparability across seeds, we trained the discriminative
head once and then varied seeds across LaMBO and BOAT optimization runs. To address the naturalness of the
sequences which is in-built for LaMBO-2, we explore two settings for BOAT, 1) a 3-objective setting in which we
include ESM-2 as a third objective, 2) not including any naturalness constraint, i.e., only considering the given
affinity and expression oracles.

G.2 Additional results

G.2.1 With naturalness constraint on BOAT

The inclusion of a PLM likelihood can be seen as a ”regularizer” on sequences, as sequences that are more likely
to be found in nature will receive higher scores. We ran the optimization for BOAT-EHVI, BOAT-qEHVI, and
BOAT-qNEHVI. However, in the 3-objective setting, the qNEHVI is too slow to be recommended for practical
applications. For the 5 seeds tested, we plot the final Pareto front for the BOAT variants, all LaMBO designs, the
original wild-type point (with its predicted affinity and expression), as well as the designs found by BOAT-EHVI
in Figure 15. These are the designs corresponding to the final state of the hypervolume progression plotted in
Figure 7.

Figure 15: Multi-seed comparison of BOAT and LaMBO showing final Pareto fronts for BOAT-EHVI, BOAT-
qEHVI, BOAT-qNEHVI, and all LaMBO designs across 5 optimization runs. While LaMBO got to optimize
the 2 objectives for affinity and expression, the BOAT variants additionally optimized for naturalness (ESM-2
likelihood). As the hypervolumes are fully comparable across seeds, we sorted them by descending terminal
hypervolume for each method.

Figure 15 demonstrates the capability of all BOAT methods to push the Pareto front, while LaMBO-2 designs
exhibit a less explorative behaviour and produce sequences that are more similar to the parent. BOAT explores
a lot more aggressively than LaMBO-2 by mutating further away from the parental at a faster rate. The plots
also illustrate issues of the discriminative head, which predicts unrealistically large values for affinity for some
sequences. It can be further seen that many of the BOAT-generated designs seem to be close to an affinity cut-off



at 5. This is due to the dataset containing many sequences with − log10 kD = 5, which is likely the value assigned
to all sequences without measurable binding. Remarkably, BOAT-EHVI finds the sequences with unrealistically
low predicted kD values across seeds, while the batch versions do not. We postulate that the combinatorially
larger amount of candidate batches in the batch versions makes it less likely to select one a batch containing one
of these extreme but rare sequences than in the sequential case.

G.2.2 Without naturalness constraint on BOAT

Figure 16: Hypervolume pro-
gression for LaMBO-2 and
BOAT variants when omitting
naturalness constraints on BOAT.

When omitting naturalness constraints on BOAT, it becomes obvious in
Figure 16 that BOAT variants aggressively push the hypervolume by eval-
uating sequences with unrealistic affinity values caused by overfitting in the
discriminative head. Yet, this highlights that BOAT in principle has the
capability of finding such interesting sequences in more trustworthy oracles.
LaMBO-2 is instead more conservative in optimizing leads, which prevents
it from falling into the pitfall of proposing out-of-distribution sequences,
but also keeps it from exploring more diverse sequences.

Figure 17 shows the Pareto fronts corresponding to the final hypervolumes
in Figure 16. Even more than in the naturalness-constrained setting dis-
cussed in Section G.2.1, we observe the sequential version of BOAT to
discover sequences where the discriminative head fails.

The obvious quality issues of LaMBO-2’s discriminative head underlines
the benefit of the modular design of BOAT, which permits including tai-
lored oracles for particular properties. While LaMBO-2 can be seen as an
elegant lab-in-the-loop approach which requires little human intervention,
the limitation to a fixed architecture for the discriminative head can also
be seen as a defect that impedes leveraging auxiliary information that is
not present in the data used for training. Not only does LaMBO-2 not overcome the need for human oversight
and we observed, it requires profound technical understanding to perform low-level adaptations on the model to
given task. With the possibility to interface externally built and validated oracles, we claim that BOAT does
not require the same depth of technical understanding to run.

Figure 17: Multi-seed comparison of BOAT and LaMBO showing final Pareto fronts for BOAT-EHVI, BOAT-
qEHVI, BOAT-qNEHVI, and all LaMBO designs across 5 optimization runs, where both LaMBO and BOAT got
to optimize the two objectives of affinity and expression predicted by LaMBO’s discriminative head. As the
hypervolumes are fully comparable across seeds, we sorted them by descending terminal hypervolume for each
method.
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