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The goal of our work is to develop optimization methods for designing antimicrobial peptides,
short proteins that kill bacteria. Most evaluations of candidates are computationally or
experimentally intensive tasks where a direct mapping of the peptide composition to activity is
not available. Bayesian optimization is an iterative design algorithm that excels in situations
where we wish to optimize a black-box function with limited evaluations, exactly the case at
hand. We probe different search spaces with a focus on improving BayesOpt efficiency and
interpretability. We compare BayesOpt performance in the latent space of a variational
autoencoder to its performance in projected, lower-dimensional versions of that space. We ask
whether organizing the search space with easily-computable, but less informative,
physicochemical properties can improve optimization efficiency and search interpretability over
using a limited number of very informative labels. In our toy setting of using a trained predictive
model as our objective, we found that using sparse informative labels in a lower-dimensional
space can provide an optimization and interpretability advantage. This work lays necessary
groundwork for closed-loop antimicrobial peptide design with more realistic objective functions.
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Generative deep learning techniques have demonstrated an impressive capacity for tackling biomolec-
e ular design problems in recent years. Despite their high performance, however, they still suffer from
a lack of interpretability and rigorous quantification of associated search spaces, which are necessary
to unlock their full potential for scientific inquiry beyond efficient design. An area in which they
are of particular interest is in the design of antimicrobial peptides, which are a promising class of
therapeutics to treat bacterial infections. Discovering and designing such peptides is difficult because
of the vast number of possible sequences and comparatively small amount of experimental informa-
tion. In this work, we perform an empirical investigation of latent Bayesian optimization for searching
through peptide sequence spaces, with a focus on antimicrobial peptides. We investigate (1) whether
searching through a dimensionally-reduced variant of the latent design space may facilitate optimiza-
tion, (2) how organizing latent spaces by differing amounts of more and less relevant information
may improve the efficiency of arriving at an optimal peptide design, and (3) the interpretability of
the spaces. We find that employing a dimensionally-reduced version of the latent space is more
interpretable and can be advantageous, while the use of less-relevant but more easily-computable
physicochemical properties is advantageous to latent space organization in certain contexts and the
use of more-relevant but sparser properties associated with the latent Bayesian objective function
is advantageous in others. This work lays crucial groundwork for biophysically-motivated peptide
design procedures, with an especial focus on antimicrobial peptides.

1 Introduction
100 residues with broad-spectrum antibacterial activity”. Many

AMPs are thought to act by disrupting the bacterial membrane,
through the formation of large pores, through inducing micel-
lization of membrane patches (the so-called “carpet method”),
or through a combination of such mechanisms1Y. Because of
the comparatively indiscriminate nature of the entire membrane
as a target rather than a small protein binding pocket like most
traditional small-molecule drugs, it was hypothesized that resis-
tance to membrane-active AMPs will develop more slowly than to

Antimicrobial resistance is a growing global health concern.
Through increasing usage in animal agriculture, aquaculture,
and in humans®, it is expected that by 2050, > 8.2 million deaths
per year will be associated with AMR®. With traditional pharma-
ceutical companies becoming less productive, fewer antibiotics
being developed®?, and of the thirteen that have been approved
since 2017, ten belong to antibiotic groups with known resistance
mechanisms®, there is an urgent need for novel classes of thera-

peutics to treat bacterial infections, and methods to quickly find
them.

One potentially fruitful area of research is the design and
development of new and more effective antimicrobial peptides
(AMPs). Antimicrobial peptides are short proteins of around 5 to
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many traditional small-molecule antibiotics. Evidence supporting
this hypothesis includes in vitro experiments across four different
gram-negative bacterial species showing less resistance develop-
ing to membrane-active antibiotics than to traditional antibiotics
within the same time framell, In the same study, it was demon-
strated that strong resistance to traditional antibiotics appeared
within 120 generations of repeated exposurelL, compared to the
600 generations required for resistance to develop to an analogue
of the peptide Magainin-2 that was observed by Perron et al.12.
Despite differences in study methodology, the evidence overall
supports slower resistance development to peptides. In addition

to the possibility of slowing resistance, certain AMPs can be used
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as part of combination drug cocktails to improve the efficacy of
other antibiotics'l®, Such combination therapies have also been
found to have slower resistance development!%. Due to their
broad-spectrum activity, slow resistance, synergism with other an-
tibiotics, and the need for new antibiotics, AMPs are a promising
therapeutic class.

While peptides are short compared to other proteins, the
space of all possible peptide sequences is still vast. Consider-
ing only naturally-occurring amino acids, there are on the order
of Z}ffs 20% possible sequences. Traditional mutagenesis meth-
ods are inadequate to explore more than a tiny fraction of this
sequence space to find peptides with properties of interest. Tra-
ditional computational methods, including machine learning, can
improve the speed of candidate identification by rapidly screen-
ing databases full of peptide and protein sequences. For example,
some of the earliest predictive models for AMP identification were
hidden markov models and shallow neural networks®>1¢ with
logistic regression’Z and SVMs'1® following after. More recently,
motivated by the success of deep neural networks for (natural
language) sequence representations, deep neural network archi-
tectures began to be employed?2. All of these methods, however,
function to identify candidates in a database and cannot suggest
completely novel AMPs. Because of the number of possible pep-
tides compared to the speed at which they can be tested, finding
peptides with desired properties is difficult.

Deep learning generative models can partially obviate the need
to pre-generate libraries of sequences by providing a method to
sample arbitrarily many new sequences. Recently, such models
have been adopted by the biomolecular design community and
have demonstrated a powerful capacity to produce peptides with
desirable properties. Capecchi et al.2¥ trained a strain-specific
RNN to generate peptide sequences and filtered them using clas-
sifiers. Li et al.?!' trained a generative model based on a trans-
former architecture intended to generate high-activity mutants
from an input sequence. Zakharova et al.2 used an RNN to gen-
erate anticancer peptides. Szymczak et al.’’3 designed a condi-
tional VAE—conditioned on categorical classifications of AMPness
and high/low activity levels—in an attempt to directly sample from
the high-activity AMP conditional probability distribution. Das
et al.2% used a Wasserstein autoencoder together with a number
of classifiers to generate peptides.

While impressive work is being done in improving both predic-
tive and generative models, tying them together in a closed-loop
optimization scheme is (currently) less common. Furthermore,
the focus of these models has tended to be on design of peptides
for specific applications rather than an understanding of the ways
in which the specific model and procedure affect the underlying
design space. Recently, we developed quantitative benchmarks
and investigated the properties of the design space itself in the
context of our own generative model for antimicrobial peptide se-
quence design based on a variational autoencoder (VAE) 23l VAE-
based models possess associated latent spaces that can be thought
of as explicit continuous design space representations of the dis-
crete peptide sequences. This formulation of the problem facil-
itates a focus on the quality of the design space itself. In this
article, we expand on this work to investigate how the organiza-
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tion of the design space can affect optimization procedures in that
space.

While generative deep learning models on their own do not
resolve the fundamental needle-in-haystack issue of finding se-
quences with significant antimicrobial potency and/or other prop-
erties of interest, they can produce candidates or design spaces
to be used in conjunction with optimization techniques. Broadly
speaking, finding a sequence with high antimicrobial activity can
be modelled as an optimization problem, with a corresponding
objective function that maps from peptide sequences to antimicro-
bial activity. In a scenario where there is a straightforward func-
tion mapping sequences to antimicrobial activity, a litany of opti-
mization algorithms would allow us to find the sequence (or se-
quences) corresponding to maximal antimicrobial activity. How-
ever, how antimicrobial activity relates to the peptide sequence
is not sufficiently understood to write down a straightforward
function, instead leaving us in the situation of having to treat the
relationship as a black box we can probe through expensive ex-
perimental assays, machine learning models limited by their data
sets, and/or long, resource-intensive MD simulations depending
on our available resources.

Bayesian optimization ( BayesOpt ) is an iterative method of
finding the optimum of a black-box function. BayesOpt fits a data-
driven, simple, and flexible surrogate model to approximate the
relationship between input points (such as peptide sequences)
and the objective function (such as antimicrobial potency). To
perform BayesOpt one must also define an acquisition function
that scores to what extent a point in the design space is predicted
to improve on the current best observed value. At each itera-
tion, the acquisition function combined with the surrogate model
identifies a point of interest for the next round predicted to most
improve upon the optimal point found so far.

One can employ BayesOpt to search through the latent space
of an associated generative model; this is referred to as Latent
Bayesian Optimization (LB0)22%22, 1BO has been previously suc-
cessfully applied to the design of small molecules2® and synthetic
optoelectronic peptides2?. Although screening peptides sampled
from a generative model to design AMPs without using Bayesian
optimization also has precedent324, we focus on LBO because
of its data efficiency and potential for application with higher fi-
delity, more costly oracles.

Other works have explored how the organization of the latent
space can impact the efficiency of LBO. A number of ways to or-
ganize the latent space have been investigated, with particular
focus on small molecule discovery where large amounts of data
are readily available. In Gémez-Bombarelli et al.2, the authors
investigated whether jointly training a property predictor and a
decoder can improve the efficiency of LBO for the task of find-
ing optimal small molecules, finding compelling evidence that it
can. Lee et al.” examined how LBO performs in a latent space
induced to be correlated with the objective they are trying to op-
timize, finding promising results. In Grosnit et al.’% the authors
compare a number of contrastive learning methods, finding that
a triplet loss can be effective. Given these works, it seems the
efficiency of LBO can be improved by organizing the underlying
latent space being searched through, but this has not been previ-
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ously investigated in the context of antimicrobial peptide design.
One further consideration for LBO is that often the associated
neural network has a relatively high-dimensional latent space.
BayesOpt can have difficulty in high-dimensional spaces. On the
other hand, reducing the dimensionality of the latent space may
corrupt the ability of the associated generative model to gener-
ate diverse, novel, and realistic sequences. This leaves us with
a dilemma where we may expect either worsened BayesOpt per-
formance due to a high-dimensional latent space, or worsened
generative model performance due to too small of a latent space.

Unlike in the small molecule design space, where large
amounts of data relevant to the performance of such molecules
as antibiotics are readily available, the corresponding data on an-
timicrobial peptides is relatively sparse. There are hundreds of
thousands or even millions of examples of small-molecule data as
experimental drug-target binding affinities and well-established
computed properties related to drug-likeness and solubility read-
ily available. Conversely, in the context of peptides, antimicro-
bial activity in the form of experimentally-measured minimum
inhibitory concentration (MIC) values is scarce; specifying partic-
ular bacterial species as targets restricts the available data even
further. For example, for E. coli there are just 11k entries with
corresponding MIC measurements, and if we restrict ourselves to
those sequences with more than one reported MIC measurement,
then we are left with 4k entries®*!. Experimentally-measured pep-
tide hemolysis, which is important for the assessment of host tox-
icity, is available for even fewer examples, with DBAASP contain-
ing 8k sequences with reported hemolysis measurements that falls
to 1.6k when restricting ourselves to more than one measurement
per sequencel. While this may be a sufficient amount for tradi-
tional machine learning methods, it is unclear how this amount
may impact the effectiveness of generative deep learning models
and the organization of their latent space. Moreover, it is un-
clear whether using easily-computed physicochemical properties
as proxies may offer a benefit over the more direct but limited
amount of activity data.

In this work, we determine best practices for performing la-
tent Bayesian optimization in the context of peptide sequence
spaces, with a focus on the antimicrobial peptide context in par-
ticular. We introduce and assess a modification of latent Bayesian
Optimization as it has been previously applied in drug discov-
ery applications by performing Bayesian Optimization over a re-
duced space representation of a peptide sequence-based latent
space (see Fig. [1] for a schematic overview of the versions of la-
tent Bayesian Optimization we investigate). Rather than perform-
ing Bayesian Optimization over the high-dimensional latent space
representation, we explore the possibility of performing Bayesian
Optimization over a much lower-dimensional projection of that
space. The purpose of this approach is twofold: (i) we expect an
increase in efficiency by using BayesOpt in a lower-dimensional
space without modifying the size of the generative model’s latent
space, and (ii) we expect an increase in interpretability by per-
forming optimization in a more similar space to that which we
employ for visualization compared to using reduced projections
solely to visualize (a proxy of) the design space. We also note
that we employ a proxy objective function (an “oracle”) related
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to predicted AMP activity for better control of algorithmic design
prior to deployment on more realistic, expensive objectives, such
as experimental measurements of peptide activity.

We further investigate three important questions related to in-
corporation of prior knowledge to latent Bayesian optimization in
peptide sequence-based design spaces. We first ask whether or-
ganizing the latent space with easily-computable physicochemical
properties that are not directly related to predicted AMP activity
is more informative or higher-performing than organizing the la-
tent space with a sparse amount of predicted AMP activity data.
We secondly ask whether organizing by more properties leads to
a more structured, easier to optimize in, latent space. We thirdly
ask whether increasing the percentage of labelled data available
has a direct relationship to LBO efficiency and latent space or-
ganization, or if there are diminishing returns. By providing an
analysis of LBO in both a semi-supervised and latent space orga-
nization context, we hope to further the discussions of how best
to perform Bayesian optimization in latent spaces in a manner
that informs us about the design space that is being traversed by
the optimization algorithm, and introduce the technique to the
therapeutic peptide design problem in the context of AMPs.

2 Methods

In this section, we describe the design of our AMP optimization
process (cf. Fig.[I). We begin with an overview of our Bayesian
optimization procedure and parameters, then define the associ-
ated objectives and the manner in which they are assessed. Then
we describe the generative models for which the associated latent
spaces become the design spaces of possible peptide sequences
and present the methods we chose to organize the latent spaces.
Lastly, we describe how we implemented Bayesian optimization
in the latent space of this generative model.

2.1 Bayesian Optimization

To find highly active antimicrobial peptides, we use Bayesian Op-
timization ( BayesOpt ) with a single objective function, as imple-
mented in the BoTorch Python package using the SingleTaskGP
class®2, BayesOpt is an iterative method of efficiently identify-
ing design optima by using a surrogate (usually a quicker, less
accurate assessment) of a desired objective function in combina-
tion with an acquisition function that selects the next potential
design to be evaluated according to the true objective function
(usually slower and more accurate assessment)=2. A good ac-
quisition function balances exploration of the design space with
exploitation of observed data points22; in other words, it balances
assessing new regions in design space with searching near known
high-performing designs.

We use a Gaussian Process Regression (GPR) model for the sur-
rogate objective function. A GPR is a probabilistic model where,
for any point ¥ in our design space, we assume we have a Gaus-
sian distribution (our prior distribution), fully determined by a
mean m and covariance matrix ¢ = (0;;). The mean and co-
variance are parameterized by a mean function m(¥) and kernel
function k(X;, ;) each of which depend on data points assessed
according to the true objective function. For a data set & of n
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Fig. 1 Schematic overview of three approaches to Latent Bayesian Optimization investigated herein (differences highlighted). LBO begins assuming a
pre-trained generative model with an encoder and a decoder module. Each method follows a similar procedure: encode the optimization dataset into
the latent space of a transVAE model; fit a Gaussian Process Regressor; maximize the Expected Improvement to select the next candidate to score
using the oracle; decode the candidate latent point to a amino acid sequence; score the sequence using the oracle; add the now-labelled sequence
to the optimization dataset, and repeat N times. The differences lie in whether (a) we use the full latent space representation directly in fitting the
GPR, (b) we use a PCA projection of the latent space when fitting the GPR, or (c) whether a small neural network that projects the latent points
into a smaller-dimensional space is fit simultaneously with the GPR. Following (b) for one BayesOpt iteration: encode optimization dataset into the
64-dimensional latent space of a transVAE; project those points into a five-dimensional space constructed using PCA; fit a GPR and select a candidate
five-dimensional point; inverse project back to the 64-dimensional latent space; decode the candidate latent point to a candidate sequence; score the
sequence using the oracle.
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points in an F-dimensional space with associated objective values
2 ={(x},y;)}}_,, where ¥ € RF, at iteration /, we fit the mean
and covariance

@) Ly @
m(X)=m=—) y; 1
1 1 ‘@‘121 J

1
a5 - o0 (~3 -5 026 -x%)) @

where ©; € RF*F is a diagonal matrix of fitted length-scales,
which are fitted using the exact marginal log-likelihood. Here
we use the BoTorch default choice of a constant mean function—
specifically the sample mean of the observed objective function
values-so it does not depend on the input vector. Together these
give a prior distribution

g(ml, (71). 3

with which we compute a point-dependent posterior distribution
using Bayes’ rule. Using this set of posterior distributions, we
make predictions on unobserved points that have not been as-
sessed according to the true objective function, and to compute
an uncertainty in those predictions. The posterior distribution’s
mean M, and variance X; are determined to be:

My (%) = my(%) + 0y(%,xp)" 01 (xp,xp) " (f(xp) —mu(xp))  (4)

- > o - T [
%)(X) = 0y(X,X) — 01 (X,xp)" 61(xp,xp) " 01(%,xD), 6)
where f is the true objective function, xp is short-hand for the
dataset of n previously-assessed input points {X;}, 0;(xp,xp) is an
n x n matrix with entries [0 (xp,xp)] ij = k(%.%;), and 6y(¥,xp) is
a vector of length n with entries [0;(¥,xp)]; = k(¥,%;). We use the
radial basis function kernel (default when using BoTorch’s Sin-
gleTaskGP 32) . but other choices exist. Because the Radial Ba-
sis Function Kernel is distance-dependent, there is an implicit as-
sumption that points near each other have similar objective val-
ues. Through the distance-dependence, points near each other in
the design space will be predicted to have similar surrogate objec-
tive values. With the posterior distribution in hand, predictions
are made either by sampling from the posterior distribution
@) ~9 (M), Zy(3)) (6)
or, more simply, by using the posterior mean (Eqn. [4)) as a point
estimate, and the posterior covariance to compute the uncertainty
range (Eqn.

As mentioned, in addition to the Gaussian Process surrogate
model, we must select an acquisition function, which identifies
the next point to be evaluated with the true objective. A common
choice is the Expected Improvement, defined as,

EI®) =Ejq [(F0) - 1) ],

where f* is the best value we have observed up to iteration I,
f(x) is the predicted value of the surrogate function at point X,
and (f(®) - f;)" = max (0, /(%) — f;) is the improvement. EI(%)

View Article Online
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encourages exploitation by searching for a point that is likely to
improve on the current best point, and it encourages exploration
through the standard deviation and cumulative distribution of the
GPR function.

For our case, rather than using the Expected Improvement, we
use the Log Expected Improvement, which has been found to be
nearly identical but is easier to numerically optimize=%. It is
calculated as the logarithm of the expectation value of the im-
provement over the previous best value according to the surro-
gate model,

LogEl(x) = logE; [(/(%) — f7)]

The next point to be evaluated with the objective function is
therefore
X411 = argmax; ( LogEI(X) )

After assessing the ¥, ;-th point using the true objective func-
tion, we add the pair (%1, f(¥41)) to the dataset ¥ = 2 U
{(X;+1,f(¥;+1))} and start the next iteration.

2.2 Latent Bayesian Optimization

Latent Bayesian Optimization attempts to resolve the issue of op-
timizing over large, discrete design spaces, such as, in our case,
amino acid sequences describing peptide candidates. Rather than
attempting to search for optimal peptide sequences in the discrete
combinatorial space, we instead perform the optimization over a
continuous-valued latent space, where we have access to both an
encoder E : X — Z encoding sequences into a latent space, and a
decoder D : Z — X that reconstructs the sequence corresponding
to a latent point. Here Z is typically the latent space of a genera-
tive model. The conventional choice is to use the latent space of a
VAE, where the encoded mean [ig(X) of a trained VAE with fitted
model weights 6 is used in the optimization?®. More formally,
Latent Bayesian Optimization is the process of solving

argmax f(X)
xeXx

by instead approximating the problem as

argmax f(D(Z))
ez

i.e. Bayesian Optimization over the latent space of a generative
model or other invertible mapping. The surrogate model f:Z —R
approximates the relationship between latent points and their
corresponding objective value; for a peptide sequence ¥ and its
encoded representation fig(¥), the surrogate model approximates
He(X) — f(X). At iteration /, the acquisition function determines
the subsequent point in the latent space fi;; to decode into a
peptide sequence X;;,; we can evaluate with the objective func-
tion f(X;41). In other words, rather than performing the Bayesian
Optimization on what we want to design (peptide sequences) we
perform it over a (learned) representation of those sequences.
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2.3 “True” Objective Function for Assessment of AMP Design
Spaces

In this work we are interested in finding peptide sequences with
strong antimicrobial activity. We choose to use minimum in-
hibitory concentration (MIC) as a measure for antimicrobial ac-
tivity. The MIC refers to the smallest concentration of peptide
that inhibits the growth of bacteria in a standardized assay=>. We
make this choice because it is a theoretically continuous, stan-
dard, and meaningful measure of antimicrobial activity, and stan-
dardized data is available for measurements on it2. Because a
lower MIC corresponds to stronger antimicrobial activity, we max-
imize the negative of MIC: M = —log;o(MIC), thereby minimizing
MIC.

In this pilot study, we wished to assess the impact of algorith-
mic choices and ensure our understanding of the design space
prior to engaging in time-consuming experimental work. There-
fore, we use a proxy model (also called an “oracle”) based on
traditional machine learning techniques (see next section) as our
“ground truth” to estimate the MIC values of sequences for which
no experimentally-measured MIC is available. This is analogous
to proof-of-concept small-molecule discovery projects that opti-
mize for computed estimates of drug-likeness and solubility; a
discipline-relevant proxy model is used to motivate an algorith-
mic exploration. In future work, we plan to leverage the proce-
dure here to inform peptide design in more realistic contexts.

2.4 Variational Autoencoder
For the generative model whose associated latent space becomes
our continuous design space of peptide sequences, we employ a
variational autoencoder (VAE) based neural network. A VAE is
a probabilistic deep learning architecture comprising two neural
networks: the encoder Ey : X — Z, which takes an input sequence
and projects it to a continuous-valued latent space z = E (x); and
the decoder Dg : Z — X modules, which maps a point in the latent
space back to the original input sequence space £ = Dy (z) with ¢
and 6 representing learned model weights2Z. Once the model
has been adequately trained, we can use the latent space and the
decoder to generate new peptides, sampling from a distribution
that is similar to the distribution found in the training set.
Training a VAE entails minimizing the Evidence Lower Bound
(ELBO), a combination of a reconstruction loss, which measures
the difference between the input sequence and the correspond-
ing generated output sequence, and the Kullback-Leibler Diver-
gence which functions to push the probability distribution of the
latent points to be close to a Gaussian prior modeled by the latent
space. We define the reconstruction loss as is typically done for
sequence-based tasks=8 as the cross-entropy of the probability of
predicting the next token x; ;| conditioned on a context ¢, usually
the previous tokens in the sequence:

Nvareh A

Zep=-Y, Y pelog(q(xit1.[c))

i=1 c=1

where p. is the probability distribution over the target token val-
ues, and g(x;+1 ¢|c) is the predicted probability distribution, and A
is the number of different tokens in the alphabet. Because the tar-
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get token values come from the training dataset, and because we
are using the maximum likelihood principle, we say that p. = 1
when c is the correct class and = 0 when c is not, leading to the
simpler = — Y log (g(x;41.¢2))-

We use a VAE with a transformer architecture as described pre-
viously?>22] known therein as a TransVAE. The transformer archi-
tecture is largely similar to the architecture originally proposed in
Vaswani et al. 4. Input sequences were tokenized into integers
then fed through a learned embedding layer. During training,
sequences were predicted autoregressively, with the (n+ 1)-th to-
ken predicted from a context of the previous n tokens , where
the previous n tokens are given directly from the training set and
the reparameterized latent point representation 7. The embed-
ding layer and a positional encoding layer then together feed into
the encoder module consisting of self-attention blocks followed
by convolution blocks. Each self-attention block is a sequence of
layers: layer normalization, multi-head self-attention, dropout,
a residual connection, then layer normalization, feed-forward,
dropout, and another residual connection. After the self-attention
blocks, there is a convolution block consisting of three layers of
convolution, pooling, and leaky ReLU. The convolution block out-
puts the mean and variance for the VAE latent space. The decoder
module consists of largely the same architecture in reverse: con-
volution blocks followed by masked self-attention blocks. In our
previous results“ we found evidence suggesting the TransVAE
architecture may limit latent space interpretability compared to
other architectures, however we did observe high performance at
the assigned tasks. Here, we chose to use a transformer architec-
ture because of their effectiveness at sequence-to-sequence tasks,
and because traversing their latent space can correlate well with
a predicted property%>, an important aspect of this work. Addi-
tionally, to limit the scope of this work, we focused on only the
TransVAE architecture, but in future work will expand to other
architectures and representation learning choices.

As previous work has shown, jointly training a property pre-
dictor can induce latent space organization?22¢, In this work,
we investigate the impact of the choice of predictive task and the
availability of data associated with that task on the performance
of the LBO algorithm. To do so, we train multiple TransVAE
models jointly with a property predictor consisting of two feed-
forward layers (see next section). The property predictor loss
term Zproppred is @ simple mean-squared error between the prop-
erty predictor’s outputs ypreq, and the computed property values

Ytrues

Nproperties 1
LpropPred =
P ZI' Nbatch j

Nbatch

2
(Vpred,i,j — Yurue,i.j) ) @)

for a batch of size Mg, and for Nproperties Number of different
properties we are predicting.

2.5 TransVAE Models and Training

To investigate the importance of additional information on the
LBO algorithm and on the latent space that it traverses, we
trained TransVAE models in conjunction with property predictors
of different combinations of the physico-chemical characteristics
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Boman Index, hydrophobicity, and charge. Jointly training prop-
erty predictors requires target values of these characteristics for
corresponding (latent representations of) sequences. We com-
puted Boman Index, net charge at a pH of 7.2, and hydrophobic-
ity of every sequence in both the training set and test set. Bo-
man Index is defined by summing the solubility values of individ-
ual amino acids in the peptide, normalized by length®L, It func-
tions as an estimate of whether a peptide will bind to membranes
or other proteins. For hydrophobicity, we use the Kyte-Doolittle
scale*2 and average the hydrophobicity values of amino acids in
a given peptide for an overall estimate of peptide affinity with
water. Charge at a pH of 7.2 is simply computed by summing
the predicted charge of each amino acid in the peptide at a pH
of 7.2. These physicochemical properties are of interest in AMP
design because they relate to whether an AMP will interact with
or penetrate a cell membrane.

To compute these physicochemical properties, we used the
python package peptides43. The properties were then normal-
ized to have zero mean and unit standard deviation using their
respective training set means and standard deviations; the test
set property values was normalized using the training set means
and standard deviations.

Overall, we studied the following models: (i) TransVAE trained
jointly with a regressor directly predicting oracle values, i.e.
logoMIC values estimated by a predictor model; (ii) TransVAE
trained jointly with a regressor predicting Boman index values;
(iii) TransVAE trained jointly with a regressor predicting charge
values; (iv) TransVAE trained jointly with a regressor predicting
hydrophobicity values; (v) TransVAE trained jointly with a regres-
sor predicting both Boman index and charge; and (vi), TransVAE
trained jointly with a regressor predicting Boman Index, charge,
and hydrophobicity values.

To assess the effect of data sparsity, we trained each model with
different numbers of available labels for the associated regressor.
For (i), we trained models with 100% and 2% (corresponding to
10,538 points in the training set) of the labels in the training set.
For (ii)-(vi), we trained models with 100%, 75% (correspond-
ing to 392,586 points in the training set), 50% (corresponding
to 261,647 points in the training set), 25% (corresponding to
130,746 points in the training set), and 2% (corresponding to
10,538 points in the training set) of the labels. The loss function
for jointly training the TransVAE with a property predictor was
the sum of the ELBO loss and the mean-squared error (predictor’s
loss), the latter of which was simply set to O for any data-point
without an associated value in the training dataset. Thus, train-
ing proceeded in a semi-supervised or fully-supervised manner
for the predictors, depending on the extent to which labels were
made available for the training dataset.

All 245 x5 =27 models were trained on the associated loss
function for 100 epochs using PyTorch.

2.6 Dataset

To train our TransVAE models we used a peptide sequence
dataset consisting of 665,772 sequences. We sourced sequences
from from AMP-specific databases DRAMP V3.044 ApPD342

View Article Online
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GRAMPAB®, dbAMP 2.046 StarPep4?, and general protein
databases SwissProt and TREMBL“E. Using peptide sequences
from databases of known antimicrobial peptides ensures that the
data distribution — and therefore the distribution being learned
by the TransVAE — contains examples of sequences that are
AMPs. Additionally, to ensure the training distribution also con-
tained non-AMPs, we excluded those peptides from SwissProt an-
notated with the keywords antifungal, antimicrobial, antibiotic,
antiviral defense, antiviral protein, secreted; although the impact
of keyword combinations on predictive model performance has
been discussed elsewhere®?. Lastly, we clustered TREMBL se-
quences at 90% identity using CD-HIT=%>1 then randomly sam-
pled 7500 peptides at each length, yielding a subset of 668,343
peptides (the smallest length in the TREMBL set after clustering
was 15). Once we removed duplicates, the final dataset of unique
peptides from every database was 665,772 sequences. This final
amount was split into a training set of 523,848 sequences and a
test set of 141,924 sequences where we ensured that the train-
ing set and test set had the same proportion of verified AMP and
verified non-AMP peptides (SI Fig. S2).

2.7 Principal Components Analysis for Dimensionality Re-
duction

We leverage dimensionality reduction for two reasons. The first
is to obtain low-dimensional visualizations of the 64-dimensional
latent spaces associated with the different trained TransVAE mod-
els, enabling us to see whether the space has been organized by
the property-of-interest. The second reason is to examine whether
performing Bayesian Optimization over a reduced representation
of the latent space impacts its performance

We employ Principal Component Analysis (PCA) for dimension-
ality reduction, a commonly employed linear dimensionality re-
duction method®2. In PCA, the centered covariance matrix of the
data is decomposed into its eigenvectors, which are then ordered
by their corresponding eigenvalues. The top eigenvectors — the
top principal components — capture the most variance in the
data points. PCA has the advantage of being a mathematically-
invertible function and of being highly interpretable due to its
linear nature; however, it suffers from an inability to accurately
project nonlinear surfaces.

2.8 Latent Bayesian Optimization Procedure

To perform latent BayesOpt, we use the BoTorch Python pack-
age2, leveraging its SingleTaskGP Gaussian Process object with
input unit hypercube and output standard normalization, as sug-
gested by the codebase. As noted above, we use the Log Expected
Improvement (LogEI) acquisition function, which offers improved
numerical stability compared to conventional Expected Improve-
ment=%, For each BayesOpt experiment, we perform five differ-
ent optimization runs of 500 iterations (oracle’ calls). Each run
is initialized with 100 points randomly sampled from predicted-
logo(MIC) values (see Supplementary Information for additional
details). Every BayesOpt experiment uses the same 5x100 initial-
ization points, unless otherwise specified.

For each of the models we trained, we compare search-
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ing through their 64-dimensional latent spaces with searching
through different dimensional PCA projections of their latent
space. To obtain the projected space, for a given VAE, we en-
coded the peptide training data set into the VAE’s latent space,
then performed a PCA decomposition of those points to obtain
the components capturing most variation in the data. We used
the top-n components to make the BayesOpt search space, with
n varying across 2, 5, 10, 20, 32. During a given BayesOpt itera-
tion /, optimization of the acquisition function yields a candidate
point fi;, in the 64-dimensional latent space; alternatively if we
are searching through a PCA reduced space, then the candidate
point is mapped back to its corresponding 64-dimensional latent
space through a PCA inverse projection, giving ti; ;. We then de-
code [i;| to get a peptide sequence ¥, | that is given to the oracle
to get a predicted log;,(MIC) value. We take the negative of that
prediction to obtain the objective value for that point in the latent
space (or in the PCA projection of the latent space).

3 Results

3.1 Property prediction leads to latent space organization,
even in data-sparse conditions

To assess the latent spaces associated with the different models,
we quantified the extent to which the top five principal compo-
nents of a PCA projection correlated with different physicochem-
ical properties used in training. We then employed these PCs to
visualize relevant two-dimensional slices of the latent space. To
do this we first computed each property over the training set of
sequences. Next, we embedded those sequences in the full la-
tent space of each model. Then we decomposed the space into its
top five principal components. For each principal component, we
computed the Pearson correlation coefficient () between it and
the property values.

In Fig. |2} we visualize the PC components most highly cor-
related with Boman Index, Charge, and Hydrophobicity for the
models trained with all three. In line with previous results2229
we observe latent space organization when jointly-training a de-
coder and a property predictor. Additionally, training a property
predictor predicting multiple different properties results in an or-
ganized latent space where different properties correlate most
with different pairs of dimensions (Fig. [2]rows; SI Table S5, par-
ticularly Boman index and charge). Furthermore, varying per-
centage of property labels — thereby limiting the amount of la-
bels the model has access to in training — still results in latent
space organization, as indicated by the persistence of an orderly
color gradient between the first and last rows of Fig. Over-
all, increasing the number of properties and masking even a large
proportion of the information for the predictor did not prevent
the latent space from being organized. (For a more detailed dis-
cussion of correlations between PC components and organizing
variables, we refer the interested reader to Sect. S2.3 in the SI.)

Given that for 64-dimensional latent spaces we are visualizing
just two-dimensional slices through PCA projections, it is possi-
ble that the organization is being induced by the projection. To
check the extent to which PCA is distorting the original, high-
dimensional manifold, and thus the extent to which it may be
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providing an illusion of organization when the high-dimensional
cloud of points is not actually organized, we compute four man-
ifold distortion metrics as we have done previously®2: trustwor-
thiness and continuity>?, steadiness and cohesiveness4,

These distortion metrics quantify different ways in which ar-
rangements of points can be disrupted when transforming be-
tween the high-dimensional manifold and the low-dimensional
manifold ("reduced space"). All run from zero, indicating high
distortion (low faithfulness), to one, indicating low distortion
(high faithfulness). Trustworthiness measures how frequently
points that are not clustered together in the high-dimensional
space become clustered together in the reduced space. Con-
versely, continuity measures the extent to which clustered points
in the high-dimensional space become no longer clustered to-
gether in the reduced space. Unlike trustworthiness and conti-
nuity, which measure the number of nearest neighbours being
lost or gained, steadiness and cohesiveness estimate the amount
of stretching and compressing occurring when transforming be-
tween spaces. Steadiness quantifies the extent to which groups
of points that are separated in the high-dimensional space re-
main separated in the reduced space. Cohesiveness quantifies
the extent to which groups of points near each other in the high-
dimensional space remain near each other in the reduced space. A
more detailed description, including algorithmic details, are avail-
able in Jeon et al.>4,

We compute the extent of manifold distortion between the full
latent space and the 5-dimensional PCA projections using a held
out test set of sequences. We observe similar levels of distor-
tion between high-dimensional latent spaces and their PCA pro-
jections for models trained with different organizing properties
and different percentages of labels (Fig. [3). Trustworthiness,
continuity, and steadiness are all relatively high, with each or-
ganizing method exhibiting values > 0.75 (Fig [3hbc), suggesting
high-quality projections with few artificial clusters (trustworthi-
ness), minimal loss of clusters (continuity), and little stretching of
distances between points (steadiness). Cohesiveness, lying near
0.6 for all, is moderate, suggesting that compression is occurring
(Fig B, as it necessarily must when moving from high to low
dimensions. The similarity of the results and the comparatively
low-to-moderate distortions observed provide confidence that the
visualizations reflect extant trends between, and patterns in, the
high-dimensional latent spaces.

We note in particular similar levels of distortion at various la-
bel percentages. Comparing within subpanels of Figure [3] the
barplots are relatively stable in value. From these results, we
infer the original high-dimensional latent spaces are being orga-
nized even when label percentage is low, and that we are not
merely seeing an illusion of organization induced from the PCA
projection. In conjunction with Fig.[2] this confirms that the num-
ber of labels can be relatively sparse and still result in the latent
space being organized; perhaps most surprisingly in the case of
having access to only 2% of the property labels.

For a final note, each model was trained to the same stopping
point (100 epochs). At the end of training, the models all had
similar training and validation loss values (SI Fig. S3). We in-
terpret this to mean that the peptide representations learned by
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Fig. 2 PCA-projected transVAE latent spaces jointly-trained by Boman index, hydrophobicity, and charge, at varying percentages of property values.
The left column is coloured by Boman index. The middle column is coloured by charge. The right column is coloured by hydrophobicity. The visualized
principal components are the two PCs most correlated with the property value used for coloring the plot, as measured by a Pearson r value (see SI
Table S5 for each PC pair). Barplots share x-axes with their corresponding scatterplots; bar heights are the average value of the column’s property
averaged over the points lying in a bar's x-axis interval width; monotonic trends suggest the (average in) property changes monotonically along the
shared x-axis. Both the scatterplot and its shared barplot have the same colourmap. We observe property organization at each percentage of masking,
and for each property, although with changes in relevant PC and direction.
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the models are the essential difference between them, not their
reconstruction accuracy.

3.2 Bayesian optimization in a linearly-projected space can
outperform optimization in the latent space directly

Because BayesOpt can be more efficient in lower-dimensional
search spaces, and because PCA provides a search space where
each dimension is ordered by amount of explained variance, we
hypothesized that reducing the dimensionality of the search space
prior to BayesOpt via a simple linear projection may improve
performance. To test this hypothesis, we compare the perfor-
mance of BayesOpt in the full latent space associated with the
64-dimensional VAE with the performance of BayesOpt in lower-
dimensional projections of this space and compare the results. To
obtain the projected space, for a given VAE, we encode the pep-
tide training data set into the VAFE’s latent space, then performed
a PCA decomposition of those points to obtain the components
capturing most variation in the data. We used the top-n compo-
nents to make the BayesOpt search space, with n varying across
2,5, 10, 20, 32.

Somewhat to our surprise, we observe that BayesOpt in higher-
dimensional linearly-projected spaces tends to result in a higher
average final objective score than in lower dimensional ones, (.#)
(Fig. [4). Indeed, for the BCH-organized space when 100% of the
property labels were available at VAE training time (Fig. @), we
observe a monotonic increase with dimensionality in the final ob-
jective value achieved, although scores are comparatively similar
for all linearly-projected spaces for about the first 100-200 itera-
tions. For the Oracle-organized space when 100% of the property
labels were available at VAE training time and the BCH-organized
space when the 2% of the property labels were available at train-
ing time, we observe similar behavior for most of the searches in
linearly-projected spaces but 10, 20, and 32 dimensions slightly
outperform 5 dimensions by the final iteration, and all outper-
form 2 dimensions, which flat-lines rather early (Fig. ,c). The
trends are less clear for the Oracle-organized space at 2% avail-
able label percentage; however, we do note that 20 and 32 di-
mensions outperform 2, 5, and 10 dimensions (Fig. ).

Despite the fact that we observe a correlation between avail-
able search space dimensionality and performance in the linearly-
projected spaces, better performance is available in all cases in at
least one of the lower-dimensional linearly-projected spaces than
in the higher-dimensional full 64-dimensional space. When just
2% of the labels were available at training time, BayesOpt in a
linearly-projected space of the BCH-organized VAE outperformed
BayesOpt in the original latent space for all but the 2-dimensional
projection (Fig. [@p). In the case when 100% of property labels
were available, we observe better performance when optimizing
in a 20 or 32 dimensional PCA reduced space than when opti-
mizing in the latent space directly (Fig[4h) for the BCH-organized
space, while we observe better performance when optimizing in
a 10, 20, or 32-dimensional PCA reduced space than when opti-
mizing in the latent space directly for the Oracle-organize space
(Fig. [@k). Perhaps most interesting is the behavior we observe
in the case when few labels are available to organize the VAE
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latent space, which is closely-related to real scenarios of finding
optimally antimicrobial peptides with relevant experimental la-
bels. In this case (Fig. [4d), optimizing in 20 PCA components
clearly outperforms optimizing in the corresponding latent space
directly, with scores rising more rapidly to a higher final aver-
age score after 500 iterations ((.#f,) =0.896 + 0.092 compared
to 0.719 + 0.061). Optimizing in 32 PCA components performs
about the same as optimizing directly in the latent space, reach-
ing a final average score of (. #,) =0.702+ 0.063. Surprisingly
optimizing in just 2 PCA components performs nearly as well: al-
though the scores plateau at low values between ~100—175 iter-
ations, they rise rapidly thereafter, attaining a final average score
of (Mfna1) =0.564+ 0.084, and mostly outperforming optimiza-
tion in 10 components, and quite substantially outperforming op-
timization in 5 components.

When we expand to investigate all trained models, we also
observe weak evidence of early higher performance in PCA-
projected spaces (Fig. S10. Models are labeled using the fol-
lowing convention: S-prop-1%, where S is ’id’ for searching
through the full latent space and 'PCAX’ for searching through
X-dimensional PCA projections, "prop’ is the organizing property,
and 1% is the label percentage.) After just 50 iterations, most
models are not performing particularly well yet, though we ob-
serve more variation in performance (both positive and negative)
in BayesOpt runs in PCA-projected spaces than in the full latent
space. The highest-performing models at this point are PCA5-bch-
25% (average score above 0.4) and PCA5-oracle-100%, PCA20-
oracle-100%, PCA5-bch-2%, PCA10-bch-2%, and PCA20-oracle-
2% (average score above 0.3). Since all highest-performing mod-
els are in PCA projections, this provides weak evidence that PCA
projections, particularly if given more properties or more relevant
information can provide an early advantage; however, given that,
e.g., PCA2-bch-100% has an average score of -0.4, it is clear this
is not a reliable or easily-accessible advantage.

Overall, we observe that performing BayesOpt in a PCA projec-
tion of VAE latent spaces may provides certain overall benefits.
While the optimal number of PCA components to use is not obvi-
ous (e.g. 32 vs 10 in Fig[dhb), the number is less than the original
latent space and in almost all cases provides a performance ad-
vantage. Additionally, it is substantially easier to visualize and
interpret the search trajectory in lower dimensions, with two di-
mensions allowing direct visualization of the trajectory.

3.3 Searching through a PCA projection with a more rele-
vant organizing property can provide an advantage.

Given the number of different physicochemical properties by
which a latent space may be organized, we perform an ablation
study testing different numbers and combinations. We hypothe-
sized that organizing the latent space with more properties would
lead to peptide representations more amenable to BayesOpt. We
summarize the performance at different iterations in Figs S10 and
Figs [5h, [Bb, where we investigate average best scores found un-
der different conditions. We primarily focus on PCA5 models.
We choose the top five components to balance capturing a larger
amount of explained variance (near 20%, SI Fig. S4) with losing
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Fig. 3 Quantifying the distortion induced by using PCA on the latent spaces. For each quadrant, from left to right we have the property (or properties)
used to organize the latent space; starting on the left, Boman index, charge (pH=7), hydrophobicity, Boman and charge (pH=7) (bc), and all three
(bch). Variability in each quantity is estimated with 35 equally-sized subsamples of 42,000 different points in the latent space. (a) The estimated
trustworthiness of the PCA space compared to the original 64-dimensional latent space. (b) The estimated continuity of the PCA space compared to
the latent space. (c) The estimated steadiness of the PCA space compared to the latent space. (d) The estimated cohesiveness of the PCA space
compared to the latent space.

interpretability, and because three of the four scenarios where we similar within error bars.
varied the number of PCA components demonstrated five compo-
nents performing better than two components (previous section). When searching through a PCA projection, there is not a clear

We consider single property organization first. There is no clear advantage to using multi-property organization. After 100 itera-
advantage of any single property when searching through the tions (Fig.[5h), at 100% and 75% label percentage, charge clearly
64-dimensional latent spaces—the best-performing single-property outperforms multi-property organization. At 50% label percent-
models compared to other models with only organizing property age, PCA5-bc-50% outperforms PCA5-c-50%, at 25% label per-
changed are id-c-100%, id-b-75%, id-h-50%, id-h-2% at 100 it- centage, PCA-bch-25% by far outperforms any other models, and
erations (Fig. [Bh), and id-b-100% and id-c-100%, id-b-75%, id- at 2% the highest performing model is PCA5-bch-2%. After 500
d-50%, id-c-25%, and id-b/c-2% at 500 iterations (Fig. [5p). For iterations (Fig. [Eb), at 100% and 75% label percentage, charge
PCA-projected spaces, we observe that charge-organized spaces still outperforms multi-property organization. For lower label
tend to demonstrate better performance: at 100 iterations, PCA5- percentage, multi-property organization does outperform single-
¢-100% clearly outperforms b/h-100%, PCA5-c-75% clearly out- property organization (PCA5-bc-50% > PCA5-bch-50% > PCA5-
performs b/h-75%, PCA5-c-50% clearly outperforms b/h-50%, ¢-50%, PCA5-bch-25% is the clear best performer, PCA5-bch-2%
and PCA5-c-2% clearly outperforms b/h-2%. Only for the PCA5- outperforms PCA5-bc-2% and both clearly outperform the single-
25% models is charge not the clear winner, and in that case, property organizers), but neither bc nor bch is consistently better
it performs nearly as well as PCA5-h-25%. At 500 iterations, than the other. This suggests that multi-property organization
PCA5-c-100% clearly outperforms b/h-100%, PCA5-c-75% clearly may be better at lower label percentage, an observation which
outperforms b/h-75%, and PCA5-c-50% clearly outperforms b/h- is supported by the fact that the best-performing model we ob-
50%. However, PCA-5-c-25% performs worse than b/h-25%, and served in the study was PCA-20-oracle-2%, with a final perfor-
all PCA5-2% models perform roughly the same, displaying rather mance of (Afna) =0.896 £ 0.092, where the oracle is itself a
poor performance at <0.3 average best scores. Thus, charge is a multi-property organizer, although it was not part of the ablation
better organizing property than Boman index or hydrophobicity, study.
particularly when more labels are available. This trend matches

with a similar trend in relevancy: charge correlates more strongly Overall, we find that performance depends more heavily on
and has higher mutual information with the oracle values when latent space organization when performing BayesOpt in PCA-
looking at the full peptide training set (SI Section S2.3). projected latent spaces than when performing it in the full latent

Considering multi-property organization, we still do not see space. We find that for PCA-projected latent spaces, more relevant
clear trends in when searching through the full 64-dimensional variables result in improved performance, with more types of in-
latent space. After 100 iterations (Fig. [5h), id-bch-100% is one formation in the form of multiple properties or highly-relevant
of the best performers (with performance about equivalent to oracle values providing an advantage particularly in the very low
id-c-100%), and id-bch-75% outperforms other models, but the percent label regime. Moreover, at iteration 500, using a linear
highest-performing model for lower label percentages is one or projection of the oracle-organized latent space leads to the high-

more of the single-property models. After 500 iterations (Fig.[5b), est (Mpesr) OVer all experiments we tried. This suggests that the
we see similar model performance across the board, though id- case of having very relevant data but very low label percentage
bch-100% is one of the highest-performing models (tied with id- (the scenario we find ourselves in with AMP datasets associated
b-100%) and id-bc-75% is one of the highest-performing mod- with experimentally-measured antimicrobial activity), could be a
els (tied with id-b-75%) but for lower label percentages single- good use case for using a linear projection of the latent space as
property models are the best, and the performance is not too dis- the BayesOpt search space.
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Fig. 4 Best scores identified through Bayesian optimization runs while varying the search space dimensionality. Bayesian optimization results for
searching through the 64-dimensional latent space (blue line, "Id" for "Identity projection"), and for searching through the projected latent space
with varying numbers of PCA components, of BCH organized VAE (a,b) and of oracle-organized VAE (c,d). Label percentage corresponds to the
percentage of property labels available during VAE training. Objective scores (.#) averaged over five BayesOpt runs with randomly initialized starting
points. Error bars represent standard errors across the five runs.

12 | Journal Name, [year], [vol.], 1


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5me00225g

Open Access Article. Published on 07 May 2026. Downloaded on 5/8/2026 4:13:33 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Molecular Systems Design & Engineering

a At iteration 100

View Article Online
DOI: 10.1039/D5ME00225G

b At iteration 500

Id-bch-100% A
1d-c-100%
100%
1d-h-100% 1
1d-b-100% 1
Id-oracle-2%
1d-h-2%
1d-b-2%12%
1d-c-2% 1
Id-bch-2%

Id-VAE-0%10%

PCA5-c-100% 1
PCA5-bch-100% 1
PCA5-h-100% {
PCAS-b-100% +— D
PCA20-oracle-2%H
PCA5-bch-2% 1
PCA5-oracle-2%1

2%

PCA5-c-2%1
PCA5-b-2%

_l_

PCA5-h-2%1
PCA5-VAE-0%{0%

Class
I C
s h

B bch
. b

_1 Id spaces
| PCA spaces -

I VAE

1100%

12%

10%

o spaces
! PCA space

1100%

12%

Class
B c
B h

10% oracle

N VAE

oracle

B == beh

s b

0.0 0.2 0.4 0.6 0.8
(Mpest) (Mmean = se)

~0.2

1.0 -0.2 0.0 0.2 0.4 0.6 0.8 1.0
(Mpest) (Mmean = se)

Fig. 5 Average best objective scores found after (a) 100 iterations and after (b) 500 iterations. Error bars correspond to the standard error of Mpest
over five BayesOpt runs. Black dashed line separates those runs performed in the high-dimensional latent space (above the dashed line), and those
runs performed in a PCA projection of the latent space (below the dashed line). Shaded regions denote the label percentage available at VAE training
time, with darker regions corresponding to a higher label percentage. In (a) values are sorted within groups from largest to smallest, while (b) uses the
same ordering as (a). Each class refers to the properties used for organizing the latent space, with "VAE" referring to an unorganized latent space.

The full BayesOpt trajectories are depicted in S| Fig. S7.

3.4 Bayesian optimization in a linearly-projected space may
outperform that in a nonlinearly projected space

We additionally compared performing BayesOpt in a linearly-
projected space to performing BayesOpt in a nonlinearly-project
lower dimensional space on the fly by employing Gaussian Pro-
cess Deep Kernel Learning (GP—DKL)|5-_5|. GP-DKL is a variant of
a Gaussian Process that uses a neural network to augment the
kernel function. By learning a projection gg(¥) mapping de-
sign points into a feature space that the kernel function oper-
ates on, the conventional BayesOpt kernel, k(X;,%;), is replaced
by k(gg(X1), go(X2)), where gg is a neural network. The weights
6 of gy are fit simultaneously with the parameters of the kernel
k(,) at each BayesOpt iteration. GP-DKL is an a promising alterna-
tive approach to deriving a low-dimensional space for BayesOpt
to traverse, as it operates directly on the high-dimensional space
and leverages a learnable non-linear projection (as opposed to
the static, linear one we have used) enabling the GP to determine
the projection necessary to find an optimal point.

Here we implemented GP-DKL, and performed BayesOpt with

five-dimensional GP-DKL in five of our TransVAE spaces: unorga-
nized, BCH-organized with either 100% or 2% of the labels, and
oracle-organized with either 100% or 2% of the labels. Across
three different architectures for the GP-DKL neural network (dkl-
v1, dkl-v2, dkl-v3; see SI Sect. S3.3for more details) we find that,
in all but one case, BayesOpt in a five-dimensional PCA-projected
space is able to consistently perform as well as, or better than,
GP-DKL (Figs [6]and S13).

In an unorganized TransVAE model, two architectures from GP-
DKL (dkl-v2, orange; dkl-v3, green) perform as well BayesOpt in a
PCA-projection (red), but one GP-DKL variant (dkl-v1, blue) does
slightly better than searching in the PCA-projection. However,
we observe that searching directly in the high-dimensional space
(purple) results in substantially higher values attained than either
GP-DKL or BayesOpt in the linear-projection, thus pointing to fun-
damental limitations of searching in a lower-dimensional space
without additional information to permit an informed choice of
directions.

Once we move to organized spaces, there is a clearer differ-
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ence. In the BCH-organized spaces, all three GP-DKL variants
have average best scores below zero while the BayesOpt search-
ing through the high-dimensional space and searching through
the PCA-projection are able to by at least the 100th iteration.
This trend also holds when we look at the BayesOpt runs done
in the oracle-organized spaces. This may be a result of differ-
ences in data availability to the different algorithms. The PCA
projector is fit to the (embedded) training set of the VAE, which
is O(100k) points. This projector is then not updated throughout
the BayesOpt loops. In DKL, the neural network projector is fit
during the BayesOpt iterations on the fly, meaning it can search in
different directions while severely restricting the amount of data
available ( O(100) points in our scenario ) compared to the PCA
projection. Further work could be done to optimize a nonlinear
projection scenario.
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Fig. 6 Average best objective scores found after 500 iterations. Error
bars correspond to the standard error of My over five BayesOpt runs.
Abbreviations correspond to neural network architectures described in Sl
Sect. 3.3. The full BayesOpt trajectories are depicted in S| Fig. S7.

3.5 Searching through a PCA projection is associated with
more exploration

To further understand BayesOpt performance in our spaces, we
examine how much exploration occurs; that is, how much of the
space is probed by the search. We quantify the amount of explo-
ration that occurs throughout a BayesOpt run through four lenses:
(1) the amount of the total latent space (input) a BayesOpt run
spans, which we estimate using the hypervolume of the sampled
points; (2) the amount of the scores (output) a BayesOpt run
spans, which we estimate using the variance in objective scores
sampled and (3) the distance from the oracle SVR’s training set;
and (4) the amount of the relevant latent space (relevant input)
a BayesOpt run spans, which we estimate using the total path
length of the sampled points. We first characterize the explo-
ration and then assess its relationship with exploitation as previ-
ously quantified by achieved best scores.

We compute the hypervolume of the input points sampled in
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each BayesOpt run, which is essentially a measure of the extent
to which we explore different objective function inputs. The hy-
pervolume was computed using the pygmo python package°;
it computes the hypervolume of a set of points compared to a
reference point; to choose our reference point, we used the cor-
ner of the search box with maximum value in each dimension
(10 in each dimension). When looking at the distribution of re-
sulting hypervolumes, we observe more hypervolume is explored
on average when optimizing in a PCA search space compared to
the high-dimensional search space; the PCA distribution (Fig.
orange) is shifted to the right of the high-dimensional search
space distribution (Fig. , blue), with ppca gy = 1.1-10717 >
0.55-107'7 = pzy yy. This suggests that a broader slice (about
50% more) of the underlying high-dimensional latent space was
explored despite the PCA runs being confined to a subspace of it.

We further compute the variance in objective scores sampled
throughout each BayesOpt run, which is essentially a measure
of the extent to which we explore different objective function
outputs. When comparing the distribution of variances in objec-
tive scores for runs searching through the PCA space (with cen-
ter Upca var(m) = 0.24 (£0.005)) vs the high-dimensional latent
space (with center gy, () = 0.17 (£0.004)), we observe that
the BayesOpt runs done in PCA spaces tend to have more vari-
ance in objective function scores (Fig. EP); Hpcavar(my = 0.24 >
0.17 = Wyq var(m)- We test the hypothesis that these two means
are the same using an independent samples t-test, yielding a p-
value= 1.58 - 107!, suggesting a statistically robust difference.
This suggests that when optimizing through linear-projections of
the high-dimensional space, more of the objective function is sam-
pled (about 30% more).

Additionally, we compute the distance of the best point in a
run from the SVR oracle’s training set as an assessment of how
exploration of input may be related to exploration of output and
an assessment of the algorithm’s ability to suggest novel optima.
Because computing distances in high-dimensional spaces can be
misleading, we computed these distances in a two-dimensional
projection of the latent space. We construct this two-dimensional
projection using the two principal components most correlated
with oracle values. To do this for a run, we first encoded the
oracle’s training set into the high-dimensional latent space the
BayesOpt run was done in. We then compute a PCA projection
of the high-dimensional latent space. The oracle’s training set is
then projected into the PCA reduced space. Then, we compute
the Euclidean distance between the best point found during the
run and each point in the oracle’s training set, in the PCA reduced
space. The minimum distance found is used as the distance be-
tween the point and the oracle’s training set Tgyg:

d(x, TSVR) = inf{d(x, a) raec TSVR} 8

We observe that the BayesRuns searching through linear-
projections of latent spaces have a distribution of distances from
the oracle’s training set has a mean of upcy =2.31 (£ 0.193). The
distribution of runs searching through the high-dimensional la-
tent space has a mean of yu;; = 0.71 (£ 0.068). From the distri-
bution of distances computed, we observe that the BayesOpt runs
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searching through linear-projections of the latent space tended to
result in final points about 225% farther from the oracle’s training
set when compared to the BayesOpt runs searching through the
full high-dimensional latent space (Fig. [7k); ppca =2.31>0.71 =
W4, a statistically robust difference, with a p-value= 1.21-10~'3.

Lastly, we compute the total path length of a BayesOpt run as a
way of measuring the exploration of the relevant input space. For
the k-th point sampled during a BayesOpt run, we compute the
Euclidean distance from it to the (k — 1)-th point sampled during
the run, in the two PCs most correlated with the oracle values of
the full VAE training set. We compute the distance between each
consecutive pair of points in the PCA reduced space for the run.
Then, we sum the distances to find the total path length in the
PCA reduced space. That is, for a given BayesOpt run with sam-
pled latent space points {fi,,...,Hso0}, projected into a two-
dimensional reduced space {p1,ps, ..., D500} We compute its total
path length as

s =Y ||Bix1—Bill2 9
i

From the distribution of path lengths we observe an increase in
total path length by about 93% from searching directly in the
high-dimensional compared to the linearly-projected space (Fig.
[7H); the centre of the distribution of path lengths for searching
in a linearly-projected space is upcs = 21.56 (£ 1.033); compared
to the distribution of high-dimensional search space path lengths,
whose centre is y;; = 11.19 (+ 0.410); this difference is statisti-
cally robust, with p-value= 4.18 - 10~ '8. We further quantified the
exploration in sequence space directly and found similar results
(Sect. S3.4).

We further examined the BayesOpt runs in their associated la-
tent spaces qualitatively. To do this, we plotted the peptides sam-
pled during a BayesOpt run in a two-dimensional PCA projection
of the associated latent space using the two PCs most correlated
to oracle values. In Figure 8] we depict a full example trajec-
tory showing the latent space (panel a), the structures of 17 se-
lected peptides along the run as predicted by ESMFold (panel b),
and their corresponding scores (panel c¢). This trajectory illus-
trates the best-scoring run of five that were performed in a 20-
dimensional projection of the oracle-organized latent space. This
figure has a clear interpretation and allows us to gain a strong
physical intuition for the progress of the search. We see the
BayesOpt trajectory begin at a low objective value (1) and rapidly
increase by moving to the right in the latent space, towards the
average direction of increased objective value (lower MIC). After
attaining point 7, BayesOpt performs a large explorative jump to
the left to point 8, which only marginally increases the best score.
It then proceeds by generally drifting to the right and eventually
jumping upwards (point 16). Concomitantly, we see that as the
search proceeds, the predicted structures increase strongly in he-
licity. Given the over-representation of o-helical AMPs in most
datasets, helicity is a reasonable proxy for antimicrobialness that
the BayesOpt is exploiting; a straightforward example of reward
hacking. This confirmation of reward hacking provides another
reason for using the most relevant data possible (less hackable),
even if less of it is available (because e.g. it is expensive to com-
pute).

View Article Online
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In Fig.[9} we visualize the best-scoring run of five for all oracle-
organized latent spaces at 100% and 2% label percentage. (For
more information cf. also SI Figs S15-S18). As previously quanti-
fied, we visually observe that BayesOpt runs tend to cover more
of the 2D visualizations when their associated search space was
a PCA projection (e.g., compare Fig. [0 with Fig.[Sh-1). Addition-
ally, there is substantially greater spatial exploration when the
percentage of labels is low, although as we have seen, BayesOpt
is still able to converge to satisfactory optima in this case. In par-
ticular, when comparing the low-label regime (2%) with the full
label regime (100%), we observe that the BayesOpt runs explore
substantially more of the visualization; this is especially the case
when BayesOpt runs search through the top two, five, or ten PCA
dimensions. (More detailed trajectories supporting this discus-
sion may be found in Supporting Figures S15-S24).

The previous observations are certainly due at least partly to
the fact that the search procedure is more restricted to the visu-
alized directions for the PCA projections than for the full search
space. This leads us to note that interpretation of BayesOpt runs
is easiest when the search space is similar to the visualization.
We can also observe this in that when the organizing property is
a physicochemical property the BayesOpt runs are centered, ap-
pearing to only explore a portion in the directions used to make
the visualization, since the projection is not well-aligned with the
directions of the search. However, when looking at the oracle-
organized spaces, we can clearly see the BayesOpt runs identify-
ing the side of the space that contains better objective function
values (low value oracle predictions corresponds to higher objec-
tive score) after covering more of the visualized region, particu-
larly when fewer labels are available.

3.6 Performance is correlated with sampling a range of ob-
jective values but not with exploration of input design
space

In this section, we assess whether there is a relationship between
exploration as quantified in the previous section and BayesOpt
performance as measured by the final best score of the run. We
first compare the hypervolume of input points sampled during
a run with the best objective score during that run (Fig. [I0R).
For the BayesOpt runs done in PCA reduced spaces, we ob-
serve a weak negative PCC of -0.202 that is statistically robust
(p=0.019 < 0.05). For BayesOpt runs done in the 64-dimensional
latent spaces, we observe a very weak negative PCC of -0.108 that
does not appear statistically robust.

We then compare the variance of scores during a run with the
best objective value encountered during that run (Fig. [IOp).
For BayesOpt runs done in PCA reduced spaces, we observe a
strong Pearson Correlation Coefficient (PCC) of 0.652 that is sta-
tistically robust with a p-value < 0.001 (Fig. [I0p, crosses). For
BayesOpt runs done in the 64-dimensional latent spaces, we ob-
serve a moderate PCC of 0.498 that is statistically robust with a
p-value < 0.001 (Fig. [10p, dots).

Additionally, we compare the best objective score found in each
run to the distance of the corresponding point to the SVR’s train-
ing set and to the total path length of a BayesOpt run in two

Journal Name, [year], [vol.],1 | 15

Page 16 of 24


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5me00225g

Page 17 of 24

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

Open Access Article. Published on 07 May 2026. Downloaded on 5/8/2026 4:13:33 PM.

(cc)

Molecular Systems Design & Engineering

View Article Online
DOI: 10.1039/D5ME00225G

a_ Ho=0.55e-17 (6.27e-19) Search 1410 o= 017 (0.004) Hocx= 024 (0.005)  gaarch
501 : :IJPCA= 1.1e-17 (6.63e-19) Space : ! Space
. = B L ! = id
P 3 PCA 121 i | 1 PCA
P i i
o |11 Hmn
P 10 1 i
1 1 1
1 1 1
1 1
1 1
1
i g 8] ]
1 >
1 o
o)
64 —
44
24
. . . — 0 . .
3 4 5 6 0.10 0.15 0.20 0.25 0.30 0.35
hypervolume te-17 Var(M)
C._ = 0.71(0.068) Search d. Hia=11.19 (0.41) Search
i EIJPCA= 2.31(0.193) Space _i ium= 21.56 (1.033) Space
501 ! ! = Iid 301 ! ! = id
! ! 1 PCA BEt i 1 PCA
i i i i
1 1 1 1
40 : : 25 : :
i i i i
1 1 1 1
1 1 1 1
1 I 1 I
mk i 20 i i
€ 30 i | 1= i :
> 1 1 > 1 1
o 1 1 o 1 1
o ! ! © i I
1 1 151 1 1
1 I 1 I ]
1 1 1
201 i i I
1 } |
1 I |
1 1 |
1 1 1
1
1
104 l
i
1
0. , M == I ]
4 6 8 40 50 60 70

d(-, Tsvr)
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training set (Eqn. [8); (d) total path length (Eqn.[9). For (c) and (d) the distances are computed in the two PCs most correlated with the oracle

values.

dimensions (Fig. [I0k,d). We observe no statistically significant
correlation in either of these values.

Overall, sampling a greater range of objective scores results in
better final scores, while exploration of the input space as mea-
sured here is not strongly correlated with performance.

16 | Journal Name, [year], [vol.], 1

4 Discussion and Conclusions

In this article, we have trained a series of Transformer-based
VAE models for peptide sequence generation, which we have
used as continuous search spaces for latent Bayesian optimiza-
tion. We presented a version of latent Bayesian optimization with
additional dimensionality reduction, and compared it with tradi-
tional latent BayesOpt and BayesOpt with Deep Kernel Learning.
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Fig. 8 Best peptides identified during a BayesOpt run. (a) PCA plot of the associated oracle-organized latent space (at 2% of labels available),
with barplot depicting an average decrease in predicted-log,,(MIC) from left-to-right across the latent space. The latent space locations of the best
peptides are depicted with large circle markers; white integers are the sequence in which these peptides were identified during a BayesOpt run, but are
not the iteration at which they were identified. (b) ESMFold-predicted structures®Z of the best peptides found during the BayesOpt run, visualized
using ChimeraX®8 |n this case we note a strong increase in helicity with oracle value, a reasonable — but biophysically misleading — proxy that the
oracle might learn for antimicrobialness, which may be ameliorated with higher-fidelity evaluations such as simulation. (c) The corresponding best

score Mpes: found throughout the BayesOpt run.

Inspired by a desire to better align visualization/analysis tech-
niques with algorithmic properties, we took PCA projections of
the latent spaces—previously used solely for visualization-and per-
formed BayesOpt directly in them. We assessed the properties
of the latent spaces themselves, compared our low-dimensional
BayesOpt search with direct Bayesian Optimization in the full 64-
dimensional latent space of the trained generative model, and
connected latent space properties with resultant properties of the
BayesOpt search trajectories.

In line with previous work2528 we found that jointly-training
a property-predictor and a VAE can lead to an organized latent
space. Expanding on that work, we investigated whether such
organization persists even in a semi-supervised scenario, finding
evidence that just 2% of property labels suffices to induce organi-
zation along that property; additionally we showed that jointly-
training with multiple properties can lead to organization along
each property.

We employed these organized latent spaces for projected la-
tent BayesOpt and traditional latent BayesOpt. When we varied
the number of PCA components to optimize in, we found that
optimizing in a PCA projection could outperform optimizing di-
rectly in the high-dimensional latent space, but it is not obvious
a priori how to select the optimal number of PCA components to
optimize over. In general, using projected latent BayesOpt may
provide an early or late advantage and can show impressive per-
formance; however, it is less reliable than performance in the full

latent space, which demonstrates less variability in performance
with latent space organization and other hyperparameters.

To better understand the use of projected latent BayesOpt, we
assessed the effects of different organizing properties of the la-
tent space. We hypothesized that if the properties provided a
weak but ample signal regarding the oracle, that it may improve
the BayesOpt performance through either increasing the rapid-
ity at which it found potent peptides, or through increasing the
max value attained throughout an optimization run. We find that,
among the single physicochemical property spaces, charge tends
to give better BayesOpt performance in terms of final objective
values, and how quickly the objective value increases. This oc-
curs primarily when searching through the linear projection of the
original 64-dimensional latent space, but also maintained strong
performance when searching through the full high-dimensional
space. As charge is the most informative of the physico-chemical
properties we studied, this demonstrates that BayesOpt in PCA-
projected spaces works best when the space is organized by rele-
vant information. We also demonstrated that at low label percent-
age, we could obtain high performance from employing multiple
organizing properties or using the oracle. Overall, in a real-world
situation, we expect to see good performance from projected la-
tent BayesOpt if the space is organized by a highly-relevant prop-
erty; the more types of information available at low label percent-
age, the better.

Despite the fact that the performance of projected latent
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BayesOpt can be more variable and more sensitive to latent space
organization than latent BayesOpt, projected latent BayesOpt has
a significant advantage in terms of interpretability. We can more
easily and accurately visualize and understand the trajectories
of projected latent BayesOpt. In addition, we showed that pro-
jected latent BayesOpt explores more of the search space than
latent BayesOpt, in terms of both full hypervolume and explo-
ration along relevant dimensions. Furthermore, the variability
in performance may also be framed as heightened exploration of
output scores sampled, which we showed to be correlated with
better performance. Although projected latent BayesOpt has a
weakness, we suggest that it can be ameliorated by running mul-
tiple short trajectories in spaces of different dimensionalities, and
it comes with the advantage of better understanding of the search
procedure. We also note that this work further underscores an
important point we have previously raised“, which is that naive
use of low-dimensional projection algorithms to visualize latent
spaces of generative models can be misleading. The community
should not over-rely on the assumption that a two-dimensional
PCA or t-SNE projection is sufficient to reveal qualities of the la-
tent space, at least not without further analysis.

In sum, latent Bayesian optimization can provide an approach
to identifying highly-potent antimicrobial peptides leveraging the
continuous-valued latent spaces of generative models. We found
that VAEs based on transformers can have their latent spaces or-
ganized by multiple different physicochemical properties simulta-
neously through the joint-training of multiple property predictors
with the VAE. We further compared whether using physicochem-
ical properties to organize the latent space is better than using
few oracle values, finding evidence (Sect. that using few or-
acle evaluations can be better when restricting the search space
to linear projection of the latent space; i.e. having a more rele-
vant organizing property with few labels may be a good use case
for searching through PCA projection of the latent space. Using
the linear projection comes with the additional benefit of to being
more interpretable, and easier to visualize.

Although we have primarily discussed our work in the context
of AMP design, given that BayesOpt is an efficient, iterative algo-
rithm for searching a design space to optimize a function under
limited data, our results extend straightforwardly to any peptide
design question. The only limitation is the definition of a rel-
evant objective function. For example, one could optimize for
cell-penetrating peptides through in silico measurements of max-
imum force experienced by a peptide as it is pulled through a lipid
bilayer in constant-velocity steered molecular dynamics; alterna-
tively, one could optimize for anticancer peptides through in vitro
measurements of the minimum peptide concentration required to
inhibit cancer cell growth, or through in silico approximations of
binding against a target protein. More broadly, the application of
BayesOpt to a particular peptide sequence design challenge is lim-
ited primarily by the availability of an oracle that can be regularly
queried for estimates of the underlying objective.
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Fig. 9 The BayesOpt run with the best objective score is plotted on a 2D visualization of oracle-organized latent spaces. (a-f) the oracle-organized
VAE had access to 100% of the property labels during training. (g-1) only 2% of the property labels were available during training. Optimization
was done in different projections of the underlying latent space: (a,g) directly in the 64-dimensional latent space, (b,h) in the top 2 PCs of a PCA
projection, (c,i) in the top 5 PCs of a PCA projection, (d,j) in the top 10 PCs of a PCA projection, (e,k) in the top 20 PCs of a PCA projection, (f,1)
in the top 32 PCs of a PCA projection.
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Fig. 10 Relationship between Mpes; and (a) the hypervolume explored in that run; (b) the variance in objective scores Var[M] sampled throughout the
run, for each BayesOpt run we performed; (c) the distance between the best sequence’s latent representation and the SVR's training set; and, (d) the
path length s of the corresponding BayesOpt run. Each BayesOpt run searched either over ("Id", blue dots, solid regression line) a 64-dimensional
latent space, or ("PCA", orange crosses, dashed regression line) the PCA projection of the latent space, with search box edges ranging from —10 to
10 in each dimension. Solid (dashed) lines correspond to regressing on the dots (crosses). Pearson correlation coefficients (PCCs) are written next to
their corresponding point group, with p-values in parentheses. (a) We observe a very weak negative correlation between the normalized hypervolume
of latent space explored during a BayesOpt run, and the best score found during that run. (b) We observe a moderate (PCC=0.498 dots) to strong
(PCC=0.652, crosses) correlation between variance in scores sampled throughout a run, and the best score found during that run. We observe minimal
correlation between the best objective score sampled in a run, and (c) that run’s final distance from the SVR's training set, and (d) that run’s total
path length. We compute a run’s path length by taking the Euclidean distance between point fi; and ti;_; and summing over all k=2,...,500. For
(c) and (d) the distances are computed in the two PCs most correlated with the oracle values.
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The code for model training and analysis can be found at https://github.com/Mansbach-
Lab/compare-latent-spaces-amps/tree/main [1]. We note that for certain model training we
employed the publicly available GRAMPA dataset [2] . Trained model checkpoints and datasets
are released through [3].

[1] https://doi.org/10.5281/zenodo.17872434

[2] Witten, Jacob, and Zack Witten. "Deep learning regression model for antimicrobial peptide
design." BioRxiv (2019): 692681.

[3] https://doi.org/10.5281/zenodo.17872449
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