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Abstract

Ranking-based loss functions have recently been shown to improve the quality of
predictions of fitness landscapes for both standard supervised deep learning mod-
els and fine-tuned protein language models. We consider the implications of this
finding for protein design with Bayesian optimisation. We investigate uncertainty
quantification techniques applicable to protein language models fine-tuned with
ranking losses, and show that they offer competitive calibration to CNN ensem-
bles while demonstrating superior predictive performance. Finally, we demon-
strate how uncertainty-aware ranking-based models can be exploited for protein
design within the framework of preferential Bayesian optimisation.

1 Introduction

Building accurate models of protein sequence-function mappings from experimental datasets is fun-
damental to data-driven protein engineering. While the learning of fitness predictors has most often
been formulated as a regression problem, recent works [2, 15] have reported superior results when
training models using ranking losses, where the continuous fitness values are converted into a set of
binary pairwise comparisons between sequences. This formulation has been found to be particularly
well-suited to fine-tuning protein language models (PLMs) in the low data setting often encountered
in protein design [15]. These observations motivate the study of such ranking-based predictors as
surrogate models in model-guided design approaches such as Bayesian optimisation (BO). How-
ever, using ranking-based surrogates raises two challenges. First, for surrogate models to be useful
for BO, they must not only be accurate but also provide well-calibrated uncertainty estimates [7,
8], a consideration which has not been addressed in prior work on PLM fine-tuning. Second, mod-
els trained using ranking-based losses do not provide estimates of fitness values, preventing their
straightforward use as surrogates in combination with standard BO acquisition functions like ex-
pected improvement.

In this work we explore the suitability of ranking-based fitness prediction models as surrogate mod-
els for BO. We propose ensemble-based uncertainty quantification strategies suitable for application
to protein language models fine-tuned with ranking losses, and show that they lead to strong perfor-
mance on a set of few-shot protein fitness prediction tasks. We further show that by using acquisition
functions from the literature on preferential Bayesian optimisation, the accuracy of ranking-based
predictors can be harnessed to accelerate black-box protein design.
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2 Methods

2.1 Ranking-based training of fitness landscape predictors

While mean squared error (MSE) has been widely used as a loss function in training sequence-based
predictive models of fitness landscapes, two recent works have advocated the use of ranking-based
loss functions [2, 15]. In particular, they suggest parameterising a Bradley-Terry model with a
learned function of the sequence. The Bradley-Terry model represents the probability that a given
sequence x; has higher fitness y than another sequence x; by parameterising a binary classifier via
the difference in scores of each sequence under a learned scoring function sg(z):

p(y(zi) > y(z;5)) = o(B(se(zi) — se(z;))) , (1)

where [ is an inverse temperature parameter and o is the logistic sigmoid function. The parameters 6§
of the scoring function are optimised by minimising the binary cross entropy loss across all pairwise
comparisons between sequences. In this way, fitness prediction for a dataset of size N is converted
from a regression problem with /V labels into a binary classification problem with N x N labels.

Fine-tuning pre-trained protein language models with a ranking loss We focus on autoregres-
sive protein language models, since they define a natural scoring function for complete sequences
via their (per amino acid) log-likelihood:

1 L
se(x) = 7 Zlogp(x,-|x<,-) . 2
i=1

We follow [15] in using this log-likelihood-based scoring function to parameterise the Bradley-Terry
model in Equation 1, and fine-tuning all parameters. Since the log-likelihoods of autoregressive
protein language models are strong zero-shot predictors of the fitness effects of mutations [21, 22],
the difference in log-likelihoods can already produce an effective pairwise classifier at initialisation.

2.2 Uncertainty quantification for fine-tuned protein language models

Ensembles of CNNss initialized from different random seeds have become a de-facto standard for
applications that require uncertainty estimation, for example when training a surrogate model for BO
[7, 8, 23]. However, simple ensembles of fine-tuned PLMs are likely to underestimate uncertainty
since each member of the ensemble is initialised to the same pre-trained weights. We therefore
evaluate two additional ensembling strategies for fine-tuned PLMs:

* Bagging: each ensemble member is fine-tuned on a randomly sampled subset of training data.
We use 66% of the training data to train each ensemble member, finding this provided a better
tradeoff between uncertainty estimation and performance than other tested values (50%, 75%).

» Conditioning set ensembles (cond.): we propose to exploit the direction invariance commonly
used in training autoregressive protein language models [22, 21] to create ensembles of scoring
functions. For each ensemble member, we sample a random residue index on which to split
each protein into two segments. We score the amino acids in the first segment in reverse, condi-
tioned on the second segment, and score the amino acids in the second segment in the forwards
direction, conditioned on the amino acids in the first segment (Appendix A.3).

2.3 Preferential Bayesian optimisation

Preferential Bayesian optimisation [6] is a family of methods for finding the global optimum of a
function y(z) which can only be queried indirectly via binary-valued pairwise comparisons 1 > 2
representing which of two inputs has the higher (unseen) function value (1 = 3 := y(z1) >
y(22)). The central idea is to introduce a surrogate model representing a distribution over the values
of a latent function f which induces the binary observations via a probabilistic output model such
as the Bradley-Terry model. Importantly, the lack of an explicit model of the observations y in this
formulation means that standard acquisition functions such as expected improvement cannot be used
without modification. Further background on preferential BO is provided in Appendix A.6.



Using ranking-based fitness predictors as preferential surrogates In typical protein design set-
tings we are able to directly query values of the function we want to optimise, for example by
performing a wet-lab experiment. However, when training the ranking-based fitness predictors in-
troduced in Section 2.1 on the results of such experiments, we convert the space of observations
associated with the set of fitness measurements from a space of scalar values to a space of pairwise
comparisons. We show in Section 3 that re-framing the problem in this way is empirically well-
motivated, often leading to improved fitness prediction performance. While ranking-based models
do not produce direct predictions of y, they do introduce a latent scoring function f(z) = sg(z). In
order to exploit the performance benefits of these ranking models, we therefore propose to adopt the
framework of preferential BO, by using ensembles of ranking-based predictors to represent uncer-
tainty in this latent function (Appendix A.5).

Preferential acquisition functions We assume we are operating in a batch setting in which ¢ se-
quences are selected for evaluation in each round. A complete set of pairwise comparisons between
batch members can be inferred from the returned values. Siivola et al. [27] consider appropriate
choices of acquisition function for preferential BO in the complete-batch setting, recommending the
use of Thompson sampling for problems with high dimensionality or large batch sizes. Batches of
points are selected using Thompson sampling (TS) by sampling ¢ realisations of the posterior latent
function from p(f|D), and returning the locations of the maxima of these function realisations. We
use a version of TS adapted to ensembles (Appendix A.7) as our main acquisition strategy, but also
discuss and evaluate alternative preferential acquisition functions in Appendix A.9.

Local acquisition function optimisation The high-dimensional, discrete nature of protein se-
quences poses a challenge for BO methods, which are known to suffer from the curse of dimen-
sionality [29]. Recent work has demonstrated that local variants of BO can help avoid the over-
exploration that otherwise occurs in high dimensions [5, 29]. The main idea is to optimise the
acquisition function only over a local neighbourhood of the current point [5, 18, 20]. We there-
fore construct batches of acquisitions by optimising acquisition functions within a neighbourhood
containing sequences having up to 3 amino acid substitutions relative to the current sequence, sim-
ilar to [8]. Acquisition function optimisation is performed using a stochastic hill climbing strategy
described in Appendix A.8.

3 Fitness landscape prediction

Datasets We evaluate few-shot fitness predictions on three fitness landscapes: the GB1 and AAV
landscapes from FLIP [4], and the GFP landscape of [26] (Appendix A.2). For the latter we create
our own FLIP-style splits designed to assess biologically relevant forms of generalisation. To test
models in the low data setting, we sample 128 training sequences at random from each training split.
We select two splits on which to report results per landscape, covering a variety of split types across
all landscapes. Where test splits are larger than 5000 sequences, we use a random sample of 5000
sequences to evaluate all models. For the AAV splits, we only provide CNN models with the 28
residue mutated region, and not the additional context from the wild-type sequence, following [2].

Fitness predictors We use ProGen2 (small) checkpoints [21] to instantiate pre-trained language
model scoring functions sg(z). We then use these scoring functions to fine-tune fitness predictors as
described in Section 2.1. We also report results when using the log-likelihood directly as a regression
function and fine-tuning with MSE. As an alternative to fine-tuned PLMs, we also report results for
CNN ensembles, which performed competitively in a recent benchmark of uncertainty quantification
methods [7]. We trained CNN ensembles with both ranking loss and MSE.

Since ProGen?2 results are affected by the choice of aggregation method when computing the scor-
ing function (per token log-likelihood or sequence-level log-likelihood in Equation 2, equivalent to
different choices of 3 in Equation 1), for each protein and each ensembling strategy we chose the
aggregation method leading to the best Spearman correlation on the reported split.

Metrics To measure prediction quality we use Spearman correlation. For ranking-based methods
the correlation is computed between the observed function values and the values of the latent scoring
function sg(x). For these methods we also report the negative log-likelihood (equivalent to binary
cross entropy) on test set pairwise comparisons as a proxy measure of the quality of the models’



Table 1: Spearman correlation on the splits. Ensembles (of size K) are below the dividing line.
Single model results are averages across members of the corresponding ensemble.

GB1 AAV GFP
2-vs-rest  low-vs-high  1-vs-many low-vs-high  1-vs-many 2-vs-many
CNN regression 0.148 0.080 0.382 -0.081 0.236 0.169
CNN ranking 0.480 0.065 0.508 0.025 0.214 0.161
ProGen2 regression 0.390 0.036 0.672 0.073 0.598 0.554
ProGen2 ranking 0.654 0.162 0.732 0.073 0.588 0.520
CNN regression (K=10) 0.201 0.045 0.553 -0.147 0.483 0.325
CNN ranking (K=10) 0.511 0.101 0.586 0.080 0.359 0.273
ProGen2 regression (K=7) 0.391 0.036 0.692 0.127 0.601 0.555
ProGen2 ranking (K=7) 0.661 0.197 0.780 0.118 0.611 0.533
ProGen2 ranking bagging (K=7)  0.656 0.227 0.755 0.055 0.601 0.486
ProGen2 ranking cond. (K=7) 0.661 0.207 0.774 0.091 0.628 0.541

uncertainty estimates. When computing this value for ensembles, classification probabilities are
averaged, as we found this to be more effective than averaging logits before applying a sigmoid
(Appendix A.5).

Results We report Spearman correlations for selected splits in Table 1, and test set negative log-
likelihoods in Table 2. Several broad patterns emerge. First, we reproduce the finding that direct
fine-tuning of protein language models is a powerful approach in the low-data regime [15], with
fine-tuned ProGen2 models outperforming CNN ensembles across almost all splits. Second, we of-
fer further evidence that ranking losses often, but not always, outperform regression losses, both for
CNNs (extending the results of [2] to a lower-data setting) and fine-tuned PLMs. Direct regression-
based fine-tuning of ProGen2 likelihoods also often surpasses CNNs, and sometimes outperforms
ranking-based fine-tuning. As expected, ensembling strategies lead to further improvements, with
ProGen2 ensembles achieving the highest performance in every split, although the relative perfor-
mance of different ensembling methods is less clear.

Comparing Table 1 and Table 2, ensembling approaches often lead to substantial reductions in test
set negative log-likelihood compared to single models, indicating more accurate quantification of
uncertainty. Methods which produce more diverse ensembles (bagging and conditioning set ensem-
bles) tend to have much larger effects than simply training with different random seeds, highlighting
the importance of the choice of ensembling strategy.

Table 2: Calibration of pairwise classifications measured via negative log-likelihood. Ensembles
(of size K) are below the dividing line. Single model results are averages across members of the
corresponding ensemble.

GBI AAV GFP
2-vs-rest low-vs-high  1-vs-many low-vs-high 1-vs-many 2-vs-many
CNN ranking 1.22 0.931 0.742 1.43 0.714 0.813
ProGen2 ranking 1.30 0.960 0.486 0.763 3.34 3.45
CNN ranking (K=10) 0.842 0.738 0.556 0.758 0.654 0.668
ProGen2 ranking (K=7) 1.04 0.793 0.437 0.706 2.01 2.28
ProGen2 ranking bagging (K=7)  0.824 0.770 0.462 0.692 0.927 0.947
ProGen2 ranking cond. (K=7) 0.598 0.741 0.437 0.704 0.977 0.950

4 Fitness landscape optimisation

To test the effectiveness of ranking-based predictive strategies for design applications, we use them
as surrogate models in a Bayesian optimisation setting. Following previous work, we task BO



strategies with finding sequences which optimise the predictions of a black box fitness oracle, given
a small subset of the landscape as training data.
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Figure 1: Comparison of BO strategies for optimising AAV fitness oracle. Panel details in text.

Task To compare optimisation strategies, we assess their success in maximising the fitness of
the AAV capsid protein VP1, as estimated by a fitness oracle trained on the extensive (roughly
284,000 mutants) experimental fitness landscape generated by Bryant et al. [3]. The oracle is a
fine-tuned TAPE model that was previously used to evaluate the PEX optimiser [23]. We allow
optimisation routines to propose arbitrary combinations of substitutions within the 28 residue region
which was mutated to generate the empirical landscape, and pass the resulting 28 residue sequences
to the oracle. Before the optimisation process starts, surrogate models are trained on 96 low-fitness
sequences from the empirical landscape (we use a fitness threshold of -1.2 following [22]).

Optimisation strategies We compare a preferential BO strategy using an ensemble of ranking
CNNs to a standard BO approach using an ensemble of regression CNNs. In each case, we use
ensembles of size 10 and propose batches of 10 sequences to be evaluated by the oracle in each
round using Thompson sampling. All methods optimise the acquisition function within a local
3-mutation neighbourhood of the highest-scoring sequence from the previous batch (or from the
training set, if no batches have been acquired). Acquisition function optimisation over these local
neighbourhoods is performed using a stochastic hill-climbing strategy described in Appendix A.8.
As an uncertainty-free baseline, we include a ‘greedy’ strategy, in which stochastic hill climbing
is used to select sequences in the local neighbourhood having the highest average predicted scores
under the ensemble.

Results In Figure 1, we plot the maximum of the fitness values returned by the oracle after n
total queries (centre), and the average of the top 10 values returned after n queries (right). To
show the evolution of surrogate model performance, we also plot the Spearman correlation of the
surrogate model on a fixed heldout set of 512 sequences (left). Whereas BO using the regression-
based ensemble as a surrogate (blue line) achieves limited progress during optimisation, using a
more accurate ranking-based ensemble as a surrogate (orange) allows the preferential BO strategy to
optimise fitness far beyond the range of values in the training set. Thompson sampling’s automatic
balancing of exploration and exploitation leads to significantly better performance than a purely
exploitative greedy strategy (green), confirming the value of explicit uncertainty estimates.

5 Discussion

Achieving sample-efficient optimisation of protein fitness landscapes requires the development
of accurate fitness predictors as well as of design algorithms that exploit these predictions to
guide the choice of sequences to test. We demonstrated that the previously reported differences in
fitness prediction capacity between models trained with regression losses and models trained with
ranking-based losses can lead to significant differences in performance between BO algorithms
using these models as surrogates. We hope that this motivates future work on designing black-box
optimisation algorithms explicitly tailored towards making use of the most effective few-shot
prediction strategies.
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A Appendix

A.1 Related work

Zero and few-shot fitness prediction: Generative sequence models trained either on individual
families or across all of natural protein space have been established as strong zero-shot predictors of
protein fitness, with autoregressive language models currently the most-effective general approaches
[24, 19, 22]. Few-shot fitness prediction has been studied using strategies that include combining
zero-shot predictors with supervised models [11], as well as directly fine-tuning protein language
models [15, 25], or using language model embeddings as input to task-specific predictors [4, 12, 7].



Exploiting uncertainty for protein engineering: Several works have proposed to use variants
of BO for designing biological sequences, including proteins [8, 13, 14, 28, 31], with a range of
uncertainty-driven design approaches reviewed in [10]. Most relevant to the present work, Gruver et
al. [8] study various choices of surrogate model for protein design with BO, finding CNN ensembles
to be particularly robust to the kinds of distribution shift encountered during online design. More
recently, Greenman, Amini, and Yang [7] studied a range of uncertainty quantification strategies
applied to models trained either directly on sequences or on frozen language model embeddings.

A number of works have also attempted to combine uncertainty estimates with protein language
models to solve specific design tasks, in settings ranging from zero [9] or few-shot design [1, 16] to
single-round design given large training sets of sequence-fitness pairs [17].

While our work shares motivation with these prior works, our main interest is in studying the appli-
cability of the currently most promising fitness prediction approaches (i.e. protein language model
fine-tuning and ranking-based losses) to multi-round protein design tasks in a controlled setting.

A.2 Datasets

We evaluate on experimental protein fitness landscapes generated using Deep Mutational Scanning
(DMS) techniques, and studied in prior works on machine learning for fitness prediction. These
datasets consist of sets of protein sequences together with experimentally determined continuous
“fitness’ values. The biological significance of these values depends on the biological assay used to
generate fitness measurements. We briefly summarise the characteristics of the three datasets below.

GB1 We use GBI splits from FLIP [4]. These provide biologically relevant splits of the original
GBI1 dataset [30], which contains a combinatorially complete set of measurements of the fitness
values of a set of sequences derived by mutating the B1 domain of protein G at 4 positions. The
fitness values are generated by a binding assay. We report performance on the 2-vs-rest split, in
which the training set consists of sequences having 2 or fewer mutations and the test set consists
of sequences with 3 or 4 mutations, and on the low-vs-high split, in which the training set contains
variants with fitnesses lower than wild-type and the test set contains variants with fitnesses above
wild-type.

AAV  We also use FLIP splits for the AAV dataset. The original dataset [3] contains approximately
284,000 variants of the adeno-associated virus 2 (AAV2) VP1 capsid protein with associated fitness
values. The variants are mutated in a common 28-residue region, and the fitness value measures
the viral packaging success. Both substitutions and insertions are included in the dataset, which
contains significant mutational diversity within the mutated region (average Levenshtein distance to
WT is 12.5). The FLIP 1-vs-many split contains a subset of single mutants as the training set and
a subset of higher-order mutants as the test set, while the low-vs-high split contains mutants having
fitness values lower than the fitness value observed for the wild-type in the training set, and mutants
having fitness values higher than the WT in the test set.

GFP The GFP fitness landscape reported by [26] has been widely studied in prior works on ma-
chine learning for protein fitness prediction and design. We downloaded the processed dataset from
ProteinGym, consisting of approximately 52,000 sequences containing up to 15 mutations. We con-
structed our own FLIP-style splits: 1-vs-many (single mutant training set, higher-order test set) and
2-vs-many (single and double mutants in training set, three plus in test set).

A.3 Conditioning set ensembles

We exploit the ability of ProGen to score sequences either forwards (i.e. left-to-right) or in reverse.
We generate ensembles of scoring functions differing in which residues are scored in which direc-
tion. For each ensemble member, we sample a random residue index b on which to split each protein
into two segments. The first segment is scored in reverse, conditioned on the second segment, and
the second segment is scored forwards, conditioned on the first segment. The conditional likelihoods
of the two segments are then added to form a pseudo-likelihood scoring function.



b L
1
so(z) = I (Zlogp(xi|x>i) + Z logp(ati|a:<i)), b ~ Uniform(10, L — 10) 3)
i=1 i=b+1

The k*" ensemble member is constructed by sampling by, and then fine-tuning using the resulting
scoring function for all sequences. In this way, each ensemble member varies in the set of condi-
tioning variables for each residue.

A.4 Hyperparameter details

Fitness Prediction We used the CNN architecture from [23]. CNN models were trained for 100
epochs with a learning rate of le-3 and a batch size of 128. Fine-tuning of ProGen2 models was
performed for 25 epochs with a learning rate of 1e-5, and a batch size of 32. All 32 x 32 comparisons
in a batch were used to evaluate the binary cross entropy loss. Where batches of size 32 did not fit
in memory (due to longer input sequences), we used gradient accumulation to maintain an effective
batch size of 32.

When reporting results we used end-of-epoch checkpoints with the best performance on a sets of 128
sequences sampled and removed from the test set, constituting an upper bound on the performance
that could be achieved using a validation set. The same sets of sequences were used to determine
the best epoch for all models.

Bayesian optimisation We use the same CNN architecture as before. Ensembles of 10 models
were trained for 50 epochs each. We retrained the ensembles from new random initialisations each
time the dataset was updated with newly acquired observations. Fitness landscape optimisation was
run using three initial random seeds to control stochasticity in model initialisation and training and
acquisition strategies. The random seeds do not affect the choice of training sequences. Plots show
mean and standard deviations across runs.

A.5 Evaluating ranking ensembles

Given a set of parameters 6; corresponding to the members of an ensemble, we evaluate the predic-
tions by computing the average score for each sequence @: Sens(2) = & >, So, (), and comparing
these scores to the fitness values y via the Spearman correlation.

When computing negative log-likelihood on the test sets, we average the probabilities p(y(z1) >
y(x2)|z1, z2) rather than applying the sigmoid to the difference in average scores, as we found this
worked slightly better.

A.6 Surrogate models in preferential Bayesian optimisation

We assume the existence of a dataset of binary-valued pairwise comparisons, representing the order-
ing of pairs of sequences under the function to be optimised. We then posit a latent function f, which
is in turn assumed to generate the binary observations via a likelihood p(z1 = 2| f(z1), f(x2)).
In case this likelihood is the Bradley-Terry model above, then given a set of observed pairwise
comparisons D, the predictive distribution for the comparison between points x; and x5 is:

p(x1 = 22D, w1, 22) = /p(f|D)a(f(x1) — f(z2))df 4)

Given a set of pairwise observations, a posterior distribution over latent functions is formed, and
the uncertainty in the location of the optimum captured in this distribution is used to guide the
acquisition of new points to evaluate, as in standard BO.

A.7 Thompson sampling

In the context of batch Bayesian optimisation, Thompson sampling (TS) provides a commonly used
alternative to traditional acquisition functions [5]. Given a posterior distribution over functions
p(f|D) and a batch size ¢, Thompson sampling generates a batch of query points by drawing ¢



function realisations from the posterior, and returning the query points () having the maximum
values under each sampled function:

#) = argmax [0 (2), /O ~ p(fID). i € {1....q} 5)

Maximising different draws from the posterior automatically generates diversity within the query
points in a batch, thereby offering a straightforward and readily parallelisable alternative to more
complicated batch generalisations of standard acquisition functions. Thompson sampling is also
naturally extended to the preferential setting by selecting as query points the maxima of functions
drawn from a distribution over latent functions f [27].

In our setting, we replace sampling q realisations from the posterior with sampling (without replace-
ment) ¢ members from the ensemble. Thus the i** query point in a batch is found by maximising
the function represented by the i*" ensemble member:

2 = argmaxsy, (z), (6)

Equation 6 thus requires optimisation of individual ensemble members. In practice, we optimise
within a small mutational radius using the stochastic hill climbing strategy described in Section A.8.

A.8 Acquisition function optimisation

We perform acquisition function optimisation using a stochastic hill climbing optimisation strategy.
We perform 7 hill climbing steps, where 7 is the size of the local neighbourhood over which the op-
timisation is being performed (for all experiments here, r = 3). In each step 100 random mutations
to the current sequence are sampled, and the one having the highest acquisition score is retained
and incorporated into the current sequence. To better approximate the true local maximum, for each
sequence to be acquired we generate a set of candidates by repeating this process 10 times, and
select the candidate having the highest acquisition score among these 10 sequences (similar to the
common practice of using random restarts in acquisition function optimisation). When acquiring a
batch of acquisitions we explicitly prohibit duplicates by preventing mutations that would lead to
duplicate sequences from being sampled during the hill climbing procedure.

A.9 Alternative preferential acquisition functions

Much of the literature on preferential BO has been concerned with proposing and evaluating mod-
ifications to standard acquisition functions suitable for use with preference-based surrogates. Here
we consider as representative examples preferential extensions of the standard improvement-based
acquisition functions, expected improvement (EI), and probability of improvement (PI). The cru-
cial difference is that the absence of an explicit model of the observed function values means that
improvement must instead be defined with reference to the latent function values modelled by the
preferential surrogate. Thus, to generalise expected improvement, we compute improvement rela-
tive to the predicted latent function value at the point z* having the best underlying value y(z*) to
date:

I(z,2") = max(0, f(x) — f(z")), (7
where f is the latent function introduced in Appendix A.6. The expected improvement is then simply
the expectation under the posterior over latent functions:

El(z, D) = / I, 2" | F)p(fID)dF ®)

To define probability of improvement, we exploit the fact that Equation 4 directly defines the re-
quired probability by substituting z* for xs:

Pl(z, D) := p(y(z) > y(2")|D) = /P(fID)G(f(I) — f(@®)df - ©)
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To implement these acquisition functions with our ranking ensembles, we replace expectations under
the posterior with averages under the ensemble. The acquisition functions are then evaluated as:

K

El(z, D) — % S max(0, 56, () — 50, (+)) (10)
=1
1 K

PI(2.D) = 3" a(s0,(2) — 30,(a") an
=1

(12)

We compare these acquisition functions to Thompson sampling and greedy batch construction on
the AAV landscape optimisation task introduced in Section 4. To construct batches of acquisitions
using the preferential acquisition functions, we perform stochastic hill climbing on the acquisition
function values as described in Appendix A.8, explicitly preventing duplicate acquisitions within
batches.
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Figure 2: Alternative preferential BO batch acquisition strategies compared to Thompson sampling
and greedy batch construction on the AAV fitness optimisation task.

Figure 3 shows that optimisation performance when using preferential EI or preferential PI is
roughly equivalent. Though these acquisition strategies lead to better results than the purely exploita-
tive greedy strategy, Thompson sampling remains the most effective strategy. Whereas Thompson
sampling naturally encourages diversity in the members of a batch, constructing a batch by (approx-
imately) finding the ¢ sequences which individually have the highest pointwise EI or PI may lead
to similar sets of acquisitions. To mitigate this problem, it is possible to derive extensions to EI
or PI that explicitly estimate the overall improvement after acquiring a batch of sequences: indeed
one such extension adapted to the preferential setting was previously studied by Siivola et al. [27].
However, these batch acquisition functions can be challenging both to compute and to optimise,
especially when not using Gaussian process surrogates, and we leave further exploration of them to
future work.

A.10 Effect of training dataset

The optimisation results in Section 4 were obtained using a randomly sampled set of known low-
scoring sequences as a training set, thereby testing the extent to which optimisation methods are
capable of improving initially unpromising sequences. As a somewhat more realistic scenario, we
also tested optimisers when training on a set of point mutants of the wild-type sequence. We ran-
domly sampled 96 single mutants for this purpose. Results are shown in Figure 3, and show similar
relative performances, with optimisers using ranking-based surrogates again outperforming optimis-
ers using regression-based surrogates, and the preferential BO configuration (ranking surrogate with
Thompson sampling batch acquisition) clearly performing the best.

We also assessed the impact of re-scoring sequences in the initial training dataset with the oracle
rather than using the experimental fitness values directly. Figure 4 shows that the relative perfor-
mance of the ranking-based method and the regression-based method is not significantly affected
by this change, which reflects the fact that the oracle was trained on the experimental values, and
therefore the oracle predictions show very high correlation with the true fitness values.
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Figure 3: Comparison of BO strategies for optimising AAV fitness oracle, given a random set of
point mutations of the wild-type as a training dataset
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Figure 4: Re-scoring the initial dataset using the oracle does not significantly impact relative perfor-

mance.
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