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Abstract

Cyclic peptides are promising modalities for targeting intracellular sites; however, cell-membrane permeability
remains a key bottleneck, exacerbated by limited public data and the need for well-calibrated uncertainty. Instead
of relying on data-eager complex deep learning architecture, we propose a monomer-aware decoupled global align-
ment kernel (MD-GAK), which couples chemically meaningful residue-residue similarity with sequence alignment
while decoupling local matches from gap penalties. MD-GAK is a relatively simple kernel. To further demonstrate
the robustness of our framework, we also introduce a variant, PMD-GAK, which incorporates a triangular positional
prior. As we will show in the experimental section, PMD-GAK can offer additional advantages over MD-GAK, par-
ticularly in reducing calibration errors. Since our focus is on uncertainty estimation, we use Gaussian Processes

as the predictive model, as both MD-GAK and PMD-GAK can be directly applied within this framework. We demon-
strate the effectiveness of our methods through an extensive set of experiments, comparing our fully reproducible
approach against state-of-the-art models, and show that it outperforms them across all metrics.

Scientific contribution

We introduce monomer-aware decoupled global alignment kernels for Gaussian processes (MD-GAK and position-
aware PMD-GAK) that align cyclic peptides at the sequence level using chemically rich monomer fingerprints

and explicit positional priors, yielding positive-definite similarity measures tailored to permeability modeling.
Compared with order-agnostic fingerprint methods, standard global-alignment kernels and state-of-the-art graph
and language-model baselines, our alignment-aware GPs provide improved discrimination, probabilistic calibration
and scaffold-level robustness under stringent, leakage-controlled cyclic-peptide permeability benchmarks.

Keywords Cyclic peptides, Permeability, Gaussian processes, Global alignment kernel, Tanimoto, Calibration
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Introduction

Cyclic peptides have re-emerged as a compelling modal-
ity for intracellular targets thanks to their high affin-
ity and selectivity, yet their cell membrane permeability
remains a central bottleneck for discovery [1, 2]. Recent
resources such as Cyclic Peptide Membrane Perme-
ability Database (CycPeptMPDB) [1] aggregate perme-
ability measurements from the literature and patents
across multiple assays (notably Parallel artificial mem-
brane permeability assay (PAMPA)), providing a large
and well-annotated dataset for systematic modeling [1].
However, these datasets are still relatively small by mod-
ern machine learning (ML) standards, heterogeneous in
experimental provenance, and structurally biased, which
complicates out-of-domain generalization and model cal-
ibration [2, 3]. These challenges underscore the need for
methods that can (i) encode peptide-specific structure,
(if) work well in the small-to-medium data regime, and
(iii) provide reliable uncertainty quantification.

Gaussian processes (GPs) are natural candidates for
such settings: they deliver calibrated probabilistic pre-
dictions with an inductive bias entirely controlled by a
kernel [4, 5]. The kernel choice is therefore pivotal. For
small molecules, the Tanimoto (Jaccard) kernel on cir-
cular fingerprints (e.g., RDKit Morgan) has been highly
successful. These fingerprints encode rich local topologi-
cal environments via circular neighborhoods. However,
when a cyclic peptide is represented as a single molecular
graph, circular fingerprints are inherently order-agnostic
with respect to the peptide’s monomer sequence [6, 7]:
they encode local topological environments but do not
preserve the explicit residue order or enable residue-to-
residue alignment. Since permeability depends not only
on which building blocks are present but also on where
they occur and which neighbors they have [8, 9], this
motivates kernels that pair chemistry-aware monomer
similarities with sequence alignment, capturing both
composition and arrangement.

Recent benchmarking on cyclic peptide permeability
underscores that representation and split strategy (e.g.,
scaffold versus random splits) can dominate performance
and robustness trends, and that calibrated uncertainty is
as important as raw discrimination [3]. The work of par-
allel methodology also emphasizes careful data curation,
duplicate control, and applicability domain-aware evalua-
tion to avoid optimistic estimates under nearly duplicate
leakage [2].

To retain peptide-specific structure, one can move
beyond features from traditional fingerprint encod-
ings that summarize each peptide as an order-invariant
collection of local substructures and instead employ
sequence- and graph-aware representations. Circular
fingerprints such as Morgan/ECFP encode rich local
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chemistry and remain strong baselines for small-mole-
cule QSAR; however, when a single global fingerprint is
used as the only feature for a peptide, structural informa-
tion (e.g. order and long-range topology) [10], and subtle
stereochemical rearrangements [11] are largely missed.
As a result, traditional classifiers such as SVMs or ran-
dom forests often show limited discriminative power for
cyclic peptide permeability when compared with modern
graph-based models [3]. On the sequence side, a large
body of work now treats molecules explicitly as strings
or token sequences. Recurrent and transformer-based
chemical language models (e.g., LSTMs, ChemBERTa
[12], and PeptideCLM [13]) operate on SMILES and have
demonstrated that sequence-aware encoders can capture
both local and more global structural patterns that are
not easily accessible to a single fingerprint vector [12].
Within kernel methods, Global Alignment (GA) kernels
provide a principled way to exploit sequence order: they
replace the hard minimum of Dynamic Time Warping
(DTW) [14] with a soft sum over all monotone align-
ments, yielding positive-definite similarities suitable for
kernel machines and Gaussian processes [15]. "Trian-
gular" GA variants introduce a kernel that both encodes
positional priors and reduces computation, maintaining
positive definiteness [4].

Graph-aware methods push this idea further by work-
ing directly on the molecular graph. Message-Passing
Neural Networks (MPNNs) unify a broad family of graph
convolutional architectures into a common message-
passing framework, achieving state-of-the-art perfor-
mance on several quantum-chemical benchmarks by
learning task-specific node and edge embeddings from
molecular graphs [16]. AttentiveFP builds on this para-
digm by introducing a graph attention mechanism that
adaptively reweights neighbors: it not only propagates
information along local bonds but also learns nonlocal
intramolecular interactions and “hidden” edges that are
most relevant for a given property, while still respect-
ing the underlying molecular topology [17]. Directed
MPNNs (DMPNNS) refine message passing even further
by operating on directed edges and improve information
flow [18]. Recent systematic benchmarking on cyclic pep-
tide membrane permeability demonstrates that graph-
based models such as AttentiveFP, MPNN, and DMPNN
are among the top-performing approaches, clearly out-
performing classical SVM and random-forest models
built solely on fingerprint descriptors [3].

In this work, we take a complementary approach that
combines the strengths of rich local chemistry of molec-
ular fingerprints with sequence-aware topology. We
introduce a monomer decoupled global alignment kernel
(MD-GAK) for cyclic peptides. Each peptide is repre-
sented as an ordered sequence of monomer units. Our
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key design choice is to treat each monomer as a small
molecule and encode it with a Morgan fingerprint, while
explicitly retaining both the sequence order and the chi-
rality of the monomers. Chirality is critical for Peptide
permeability as minimal changes—as simple as a single
stereochemical inversion—can rewire intramolecular
networks and conformational ensembles and thus shift
membrane permeability [1, 8, 9]. By feeding the resulting
sequence of monomer-level fingerprints into a GA kernel,
MD-GAK captures sequential topology while leveraging
chemically rich local descriptors, yielding a structured
similarity measure that is directly usable within kernel
machines and Gaussian process models for cyclic peptide
permeability prediction.

While we consider simple kernels on monomers
in this work, our approach will, in principle, allow us
to use any complex kernel (e.g., based on neural net-
works, transformers,...) for small molecules for which
we have access to billions of data points, in contrast to
peptides, where the number of structures is limited to a
few thousand. This decoupling lets us compare peptides
via monomer—monomer chemistry—where small-mol-
ecule tooling, fingerprints, and kernels are mature. We
score local matches using a Tanimoto kernel on mono-
mer fingerprints and then aggregate over all residue
alignments with a GA-style dynamic program to form
the peptide—peptide kernel. We further propose a posi-
tion-aware variant (PMD-GAK) that adds a triangular
positional prior, reducing computational cost and dis-
couraging implausible warpings (insertions and deletions
in alignment). Embedded in a GP classifier, these kernels
combine chemically grounded local similarity with flex-
ible sequence alignment and vyield calibrated predictive
uncertainties—leveraging the strengths of small-mole-
cule representations while capturing the sequence organ-
ization unique to peptides.

Empirical scope. Using CycPeptMPDB, we assess our
approach in two complementary regimes: (i) an applica-
bility-domain—aware nested cross-validation with label-
and canonical-group-stratified folds to curb leakage and
probe robustness [2]; and (ii) a length-focused subset (6-,
7-, and 10-mers) evaluated under random and scaffold
splits, following recent benchmarks [3]. Across both set-
tings we compare against strong baselines. We observe
consistent gains in discrimination (ACC/F1/ROC-AUC)
and improved probabilistic calibration (Brier/ECE),
with the position-aware variant particularly enhancing
calibration.

Contributions. (1) A peptide-specific monomer decou-
pled global alignment Kernel that aligns sequences of mon-
omer-level molecular fingerprints, bridging local chemical
similarity and sequence order. (2) A position-aware trian-
gular variant (PMD-GAK) that encodes positional priors
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and improves calibration while retaining positive-definite
structure. (3) A thorough evaluation on CycPeptMPDB
under leakage-aware protocols and length-focused splits,
showing that alignment-aware GPs exceed strong baselines
and yield improved probabilistic calibration. (4) A theo-
retical construction (Appendix.1) proving the positive sem-
idefiniteness of our kernel via a rational/convolution kernel
argument, and a discussion of its relation to classical GA/
Triangular-GA kernels and modern graph GP kernels [5].

Overall, our results indicate that monomer-aware align-
ment is a practical and principled route to modeling cyclic
peptide permeability: it captures sequence-sensitive chem-
istry, behaves well in the low-data regime typical of per-
meability measurements, and integrates seamlessly with
GP-based uncertainty quantification—a combination that
directly addresses the reliability concerns raised in recent
methodological studies [2, 3].

Methods

We cast peptide—peptide comparison as a positive-definite
global-alignment kernel at the monomer level and use it as
the covariance of a Gaussian process (GP). This connects
chemically meaningful local similarity with sequence order,
while retaining closed-form GP inference and calibrated
uncertainties.

Gaussian process

A Gaussian process (GP) is a distribution over functions
f:R”—>R such that any finite collection has a joint
Gaussian distribution:

with mean function m and positive-definite covariance
(kernel) k. For a dataset D = {(x; € R",y; € R)}fil, we
represent all the inputs in a matrix X of size N x n and
the outputs in a vector y of size N. The induced prior over
function values is

f:=fX) ~ NmX), Kxx), (Kxx)ij = k(xi,%)).

In regression tasks, we assume that the labels are noisy,
ie. y;=f(x)+e with &~ N(@,n?), where n>0
denotes the observation noise standard deviation.

Joint prior over train/test (regression). Let X, denote test
inputs and f, := f (X,). The joint prior over observed tar-
gets y and test function values is

H - N([moo] , [Kxx + 0’1 Kxx,
Kx,x = Ky,

f. m(Xy) Kx.x Kx,x.

with Kxx, = k(X, Xy), and

I<X*X* = k(X*,X*)
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Posterior (regression). Conditioning the GP on (X,y),
we obtain a Gaussian posterior for f,:

e = mX) + Kex (Ko + 121 (y = mQ0),
$. = Kyx, — Kex (Kxx +n°1) Kxx..

The posterior mean provides point predictions and X,
quantifies predictive uncertainty (Fig. 1).

Binary GP classification (Laplace). For binary
labels y; € {0,1} we place a zero-mean GP prior
on latent logits, f~ A(0,K), and use a logis-
tic likelihood pi=11f)=¥() with
U(z) = 1/(1 + e~ %). The approximate posterior over
f is Nf, T) with £ =K'+ W), where f is
obtained using a Laplace approximation [19, 20] and
W = diag(\ll@ o0- \IJ@)). For a test input x, with
ky = k(X,x4) and ks 1= k (x4, X4),

e =kl K7,

PO =11X,y,%) = /U(f*)N(ﬁka Mf*rofi)df*~

0F =k — k] (K+ W)k,

Kernel methods

In Gaussian processes (GPs), specifying a covariance
(kernel) k determines a prior over functions and thereby
encodes the inductive bias of the model. The predic-
tive behavior of a GP depends critically on this choice:
different kernels express different notions of similarity
(e.g. smoothness, invariance, compositional structure)
and thus suit different input types (e.g. strings, graphs,
molecules).
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81— ———r—r
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Kernel methods specify a positive-definite kernel
k(x,x") that represents an inner product in a (possibly
infinite-dimensional) feature space H, i.e.

(%), (%)) n

for some (typically implicit) feature map ¢. A posi-
tive definite kernel k: X x X — R on an input space
X implicitly defines an RKHS Hy in which linear algo-
rithms operate via Gram matrices Kj = k(x;, ;) (the
“kernel trick”) [21, 22]. In GPs, the kernel plays the role
of a covariance function that encodes prior smoothness
and inductive bias; posterior predictions follow in closed
form given K and a likelihood [20]. Consequently, the
modelling power of a GP hinges on choosing a kernel tai-
lored to the structure of the inputs (e.g. strings, graphs,
molecules), rather than generic Euclidean distances.

k(x,x) =

Monomer global alignment kernel

Global alignment

Given two sequences A= (ay,...,ay) and
B = (by,...,by) of lengths n and m, respectively over
an alphabet 4, a (global) alignment is a pair of nonde-
creasing index paths (71, r2) with unit steps (1, 0), (0, 1),
or (1, 1) that map A to B through substitutions and gaps.
Dynamic programming (DP) aggregates local substitu-
tion scores and gap operations from boundary conditions
to the terminal cell, in O(nm) time [4].

While the Dynamic Time Warping (DTW) distance
is a de-facto baseline for sequence comparison, it is not
a metric and is known to be not negative definite [4];
consequently, kernels derived directly from DTW (e.g.,
exp(—y DTW)) are not guaranteed positive definite and
can break RKHS-based learning. Global Alignment (GA)
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Fig. 1 GP prior and posterior for PAMPA prediction using the proposed kernel. The data conditioning contracts the posterior uncertainty and shifts

the mean toward test samples observations



Amirahmadi et al. Journal of Cheminformatics (2026) 18:108

kernels address this by replacing the hard minimum in
DTW with a sum over all monotone alignments (a soft-
min), yielding a similarity that can be made positive
definite under mild conditions on the local kernel and
gap weighting [4, 15]. GA kernels retain DTW’s O(nm)
complexity but, unlike DT'W’s single best path, they sum-
marize the entire ensemble of alignments costs, which is
often more informative for learning [4, §2.2].

Global alignment kernels

Let k : X x X — R be a local similarity (typically a
valid kernel on tokens; e.g., Tanimoto on fingerprints or
any PSD similarity defined on monomers). The Global
Alignment (GA) kernel sums contributions over all align-
ments and can be computed by the DP recursion

Moo =1, Mo =0, MO,j =0, i>1j>1,
M;j = k(ai b)) (Mi—1j—1 + Mi—1j + M;j_1),

(1)
and set Kga (A, B) := M,,;,. Intuitively, each monotone
path contributes the product of local similarities along its
matched positions, while horizontal/vertical steps allow
gaps. Positive definiteness is guaranteed if the trans-
formed local kernel «/(1 + «) is positive definite on X
[4, 15]. Furthermore the diagonal-dominance concern
reported in Cuturi et al. [15] can be mitigated by appro-
priate scaling of the local kernel (e.g., the temperature 1)
and by avoiding extreme length disparities [4].

To incorporate positional information and reduce cost,
[4] introduced Triangular Global Alignment (TGA) ker-
nels where the local similarity is modulated by a Toeplitz
position kernel w(i,j) = ¥ (|i —j|) with compact sup-
port of width T € N, i.e. w(i,j) = 0 whenever |i —j| > T
(triangular/band-limited weighting). Here T is a natural
number user-chosen bandwidth (maximum positional
lag) controlling how far from the diagonal matches are
allowed. Using such @ within GA vyields a p.d. kernel
whose computation drops to O(T min{#n, m}).

What we use in this work. We employ the standard GA
recursion in defined in Equation (1) with a chemically
meaningful local kernel at the monomer level (Sect. 2.2),
and use cosine (unit-diagonal) normalization of the
resulting Gram matrix for GP inference.

Kga (A, B)

KAB) = A DK BB

Monomer decoupled global alignment kernel

Representation. Each cyclic peptide M is represented as
an ordered sequence of monomer SMILES (sy,...,s,)
extracted from CycPeptMPDB [1]. For every monomer
we compute a count-based Morgan fingerprint (radius
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3, chirality) using RDKit’'s GetMorganFingerprint, repre-
sented as a sparse, hashed feature vector. This encodes local
chemical neighborhoods at the monomer level while pre-
serving sequence order, a crucial factor for cyclic-peptide
permeability [3].

Local chemical kernel. We use the Tanimoto (Jaccard)
similarity between monomer fingerprints as the local
kernel,

<o(®(),$(0) = (9(s), 6 (D)) ’
o)1+l @ Nl — (P(s), (1))

(2)
The Tanimoto kernel on bit/vector fingerprints is posi-
tive definite and widely used in cheminformatics [23, 24].
In particular, for nonnegative fingerprint representations
the Tanimoto similarity defines a PSD kernel( [23, 24] for
proofs and discussion) In our default model we set x = k¢

Monomer Decoupled Global Alignment Kernel (MD-
GAK) Let A= (s1,...,8,) and B = (t1,...,tm), two
sequences of monomers representing two peptides, respec-
tively. We specialize global alignment to monomer similari-
ties but decouple the effect of chemical matches from the
effect of gaps. Concretely, let « (¢ (s;), ¢ (%)) € [0,1] be the
local monomer kernel (Sect. 2.3), and let 2 =1 be a gap
decay. We define the dynamic program

Moo =1, Mio=Mp; =0,
Mij = k(P (s0), ¢ (&) Mi—1j—1 + AMi—1j + A M1,
3)
and set the kernel value to Kyp. gax(A,B) := M.
Finally, by using cosine normalization we scale Kyp. gax
in [0, 1].
Knmp- gak (4, B)

VEKup- Gak (4, A) Kyp- gak (B, B)

Why the decoupling helps. In the canonical GA update

Kup- Gax(A,B) =

Mij=k(p(s), 9 (&) (Mi—1j—1 + Mi—1j + Mij—1),

the local similarity «(¢(s;), ¢ () multiplicatively con-
trols all three transitions into (i, j). A poor local match
(k = 0) drives M;; close to zero regardless of how good
the predecessor states are, so any alignment path that
must pass through (i, j) is heavily downweighted. This can
make the kernel overly sensitive to isolated mismatches
and encourage reliance on a few high-«x matches.

In contrast, the decoupled MD-GAK recursion in (3) sep-
arates the roles of matches and gaps. If & (¢ (s1), @ (tj)) =0,
then

Mij=M_1;+ M1,
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so the dynamic program can simply bypass the mismatch
at (i, j) through gap steps, with their cost determined
solely by M; 1 ;and M;; 1. More generally, « (qﬁ (8), 0 (t,-))
affects only the diagonal (match) transition, while inser-
tions and deletions are controlled independently (by
J = 1in our setting). This encodes the inductive bias that
chemical similarity belongs to matches, and penalties
belong to gaps.

To illustrate this effect, consider two monomer
sequences A = [a,b,c] and D = [a,z, b, c], where z is an
inserted monomer that is chemically dissimilar to 5. The
desired alignment is a <> a, gap <> z, b <> b, and ¢ < ¢,
thereby recovering the conserved ordered motif [a, b, c].
In the canonical GAK update, paths passing through cells
associated with the poor local comparison b versus z are
down-weighted because the same local similarity term
controls all incoming transitions. In MD-GAK, the poor
Tanimoto similarity between b and z penalizes only the
diagonal substitution b <> z, while the gap transition that
skips z is governed separately by the gap parameter. Thus,
MD-GAK can favor a gap-based alignment around the
inserted monomer rather than over-penalizing the entire
path due to a local chemical mismatch.

A practical consequence is improved robustness: MD-
GAK is less sensitive to single mismatches, and long gap
runs do not accumulate large products of local similari-
ties. The runtime remains O(nm) per pair. In the next
section, we show that the decoupled global alignment
still defines a valid positive semidefinite kernel.

Theorem 1 (Positive semidefiniteness of the Decou-
pled GA kernel) Let X be the set of monomers and let
k: X x X - Rxg be a positive semidefinite (PSD) local
kernel (e.g., Tanimoto on Morgan fingerprints). Fix A = 1.
For sequences A = (s1,...,8y)and B = (t1, ..., ty), define
the dynamic program

Moo =1, Mo = Mo, =0,
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introduced above as a base monomer kernel, which
satisfies kg € [0,1], and define the distance-like score
¢ =1 — kg. For B > 0 we use the soft local kernel

k(@ 91)) = exp( = B [1 = ko9 (s0),91)] ).

Let the triangular Toeplitz position kernel of bandwidth
T € Nbe
i —Jl

orl,j) = max{o, 1- 7}

7 wr(i,j) = 0if|i —j| > T.

Our position-aware local kernel is
k(i) = wr(Q,)) k(P (si), ¢ (t)), and the DP becomes

Moo =1, Mjp=Mp; =0,

.. 4
M;j = k1 (i, j) Mi—1j-1 + Mi—1; + Mij1, @

with Kppyp. gak(4,B) = M,,,, and optional cosine nor-
malization IA(pMD_ GAK(A,B) = My, ;. Because the trian-
gular window wr is Toeplitz and compactly supported,
the computation is restricted to the diagonal band
i — j| < T, visiting O(T (n+m)) cells in practice (Fig. 2).
Under the same sufficient conditions used for global-
alignment kernels—namely, a suitably transformed
positive-definite local kernel and a positive-definite posi-
tional kernel—the position-weighted similarity remains
positive definite.

Theorem 2 (Positive semidefiniteness of the Position-
aware Decoupled GA kernel) Let X be the set of monomers
and let ko : X x X — [0,1] be a positive semidefinite
(PSD) local kernel (e.g., Tanimoto on Morgan fingerprints).
Define the distance-like score ¢(x,y) =1 — ko(x,y) and,
for B > 0, the soft local kernel

k(@ 91)) = exp( = B [1 = ko9 s0.90)] ).

Let the triangular Toeplitz position kernel of bandwidth
T e Nbe

M;j = k(si ) Mi—1j—1 + Mi—1; + M1,

and set K(A,B) :== My, . Then K is a PSD kernel on the
space of finite monomer sequences.

The proof is provided in Appendix.1.

Position-aware MD-GAK (PMD-GAK). To encode
positional priors and obtain banded computation, we
modulate the local similarity by (i) a soft-match trans-
form and (ii) a compactly supported Toeplitz position
kernel (the triangular window) as in Triangular GA [4].
We take the Tanimoto kernel xp on Morgan fingerprints

. li —jl
ot (i,j) = max{O, 1-— },

- wr(i,j) = 0if|i —j| > T.

Define the position-aware local kernel
k7)) = or6,))kp(P(s), d(1)).

For sequences A = (s1,...,Sy)and B = (t1, ..

the dynamic program

- tw), define
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Moo =1, Mip = Mop; =0,
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Mij =k, )) Mi—1j-1 +M;—1; +M;j1,

and set Kppp. gax (A, B) = My, Then Kt is a PSD ker-
nel on the space of finite monomer sequences.

The proof is provided in Appendix.2.

Relation to graph/OT kernels. MD-GAK/PMD-GAK
align sequences of chemically meaningful monomers,
whereas recent OT-based graph kernels used with GPs
operate directly on molecular (atom-bond) graphs.
In particular, the Wasserstein Weisfeiler—-Lehman
(WWL) kernel and its Sliced-Wasserstein variant
(SWWL) embed node attributes via a (continuous) WL
scheme and then compare the resulting distributions
with (sliced) Wasserstein distances, yielding positive-
definite graph kernels well-suited to GP regression on
large graphs [5, 25]. For cyclic peptides—where local
residue chemistry and backbone ordering both mat-
ter—monomer-aware alignment provides a comple-
mentary inductive bias: local chemistry shapes match
scores through «p, while ordering and allowable warps
are handled by the alignment DP (optionally modu-
lated by the positional window w7). By contrast,
WWL/SWWL aggregate over distributions of WL
node embeddings and do not explicitly align monomer
sequences or enforce a global cyclic order (unless such
order is encoded as graph attributes or special edge
directions) [5, 25].
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Fig. 2 lllustration of the PMD-GAK dynamic program

with a compactly supported Toeplitz position kernel

wr(i,j) = ¥(|i — j|) of bandwidth T = 3. Gray cells indicate

entries where wr (i,j) = 0 (hence k7 (i, j) = 0), so M;; does

not need to be updated. For white cells inside the band,

Mi;is computed from its three predecessors according

toM;j = kr (i, )Mi—1j—1 + Mi_1; 4+ M;;_1(@rrows). Because wr (i, ))
depends only on the index difference |i — j| (Toeplitz structure),

the nonzero entries form a diagonal band around the main diagonal

Gaussian processes with molecular fingerprint kernels

for peptides

In small-molecule chemoinformatics, Gaussian pro-
cesses (GPs) commonly use the Tanimoto (Jaccard)
kernel on binary molecular fingerprints (e.g., ECFP/
Morgan), and have been deployed for regression, classi-
fication, and Bayesian optimisation [24, 26—28]. In pro-
tein sequence design, recent BO work has also explored
GP surrogates with either string or fingerprint-style
kernels defined on sequence encodings [29]. However,
to our knowledge, applying a molecular fingerprint ker-
nel GP directly to model cyclic-peptide permeability,
and comparing it head-to-head against peptide-specific
alignment kernels (GAK/MD-GAK/PMD-GAK) within
the same evaluation protocol, has not been reported
prior to this work.

Fingerprint representation and kernel. We used the
same similarity directly as described in Eq. 2 at the
whole-peptide level. Tanimoto kernels on bit vectors
are positive (semi)definite and standard in GP mod-
elling for molecules [24, 27]. This yields our GP with
TAN_ sim model.

Convex kernel combination. To probe complementa-
rity between our decoupled global alignment and fin-
gerprint similarity, we also use a convex combination

o €[0,1],

(5)
with o selected by inner validation. This preserves posi-
tive definiteness and lets the GP interpolate between
alignment-aware and substructure-aware inductive
biases.

Fingerprint-kernel GPs are well established for small
molecules and Bayesian Optimization (BO) (e.g.,
GAUCHE’s Tanimoto kernels [26]; FlowMQ’s GPU
Tanimoto GP [27]; ordinal-chemistry GP using Tani-
moto distances [28]; random-feature approximations
for Tanimoto [24]).

Kinix = aKyp-gaxk + (1 — ) Ktan,

Dataset and data preparation

We use the CycPeptMPDB [1], which compiles per-
meability measurements for ~7,334 cyclic peptides
(sequence lengths 2—15) drawn from dozens of primary
sources and multiple assays, including PAMPA, Caco-2,
MDCK and RRCK. Permeability values are reported on
a logarithmic scale and clipped to [—10, —4] in CycPept-
MPDB; peptides with P > —6 are generally regarded as
cell-permeable [1, 3]. We evaluate our models in two
complementary settings detailed below.
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Setting A: applicability-domain—aware splits Follow-
ing the data-handling principles and splitting strate-
gies highlighted by Geylan et al. [2], we first extract
the SMILES, monomer sequences and PAMPA values
for all peptides with available PAMPA in CycPept-
MPDB (7,298 entries after initial parsing). To mitigate
data leakage from near-identical structures, we group
duplicates by canonical SMILES (chirality retained)
using Morgan fingerprint (radius 3); for each group
we average reported PAMPA values to obtain a single
label, yielding 7,221 unique peptides and 276 unique
monomers overall. Averaging duplicates is a common
choice Liu et al. [3].

Nested cross-validation. 5 outer folds (80% train / 20%
test per outer fold) and, within each outer training split,
a 5-fold inner CV for model selection. Using the P > —6
threshold, the resulting class counts are 4,801 non-per-
meable and 2,420 permeable peptides. In line with Gey-
lan et al. [2, Experiment 7], we consider two stratification
schemes when constructing folds/splits:

(i) Label-stratified (baseline): stratify by the binary
permeability label (P > —6 positive) to preserve class
balance across folds. (ii) Canonical-group—stratified:
stratify by canonical groups, ensuring all members of a
group reside in the same fold to curb leakage from highly
similar peptides. For this setting, only PAMPA measure-
ments are used (to reduce inter-assay variability), to avoid
source-driven leakage and to define a clear applicability
domain. We report ACC, F1, ROC-AUC, and Expected
Calibration Error (ECE) with M=30 equal-width bins
to measure miscalibration gap between predictive confi-
dence and accuracy [30-33]:

E[Pr(Y =¥ |P=p)—p],

Setting B: length-focused PAMPA subset and scaffold splits
To mirror the benchmark protocol of Liu et al. [3], we
narrow the chemical space to the sequence lengths with
sufficient coverage (6, 7 and 10) and exclude non-PAMPA
assays. This yields 5,758 peptides plus 68 peptides with
duplicate PAMPA measurements; these duplicates are

Table 1 Label-stratified split (values x 100)
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retained as independent samples but always allocated to
the training set during splitting to prevent leakage, giv-
ing a working subset of 5,826 samples [33]. We evaluate
two splitting strategies: (i) Random split: 8:1:1 into train/
validation/test (repeated 10 times with different seeds),
resulting in 4,674/576/576 samples per split. (ii) Scaffold
split: generate Murcko scaffolds with RDKit (ignoring
chirality), sort scaffolds by frequency, assign the most fre-
quent to training and the most diverse to test within each
sequence-length bucket, then merge to an overall 8:1:1
split (4,721/554/551) [3, Methods]. Binary labels use the
same threshold P > —6 (1 = permeable, 0 = non-perme-
able). As in Liu et al. [3], this split design probes generali-
zation both under i.i.d. (random) and distribution-shifted
(scaffold) regimes. We report ROC-AUC Score, aligned
with the benchmarks.

Model implementation

Baseline models We used 2048-bit Morgan fingerprints
with radius 3 and total counts for representing peptides
smiles to the models which is a robust choice for peptide
representations. We trained GP with GAK [4], Random
Forest [34], XGBoost [35], fine-tuned ChemBerta [12],
and PeptideCLM [13] as baseline models for the appli-
cability domain-aware setting. We tuned models in inner
loops validation split and used the best hyper parameters
on validation set and reported the model performance on
the test results. in setting B, We compared the results on
pre-specified benchmarks in [3] including RF [34], SVM
[36], AttentiveFP [17], DMPNN [18], GAT [37], GCN
[38], MPNN [16], PAGTN [39], RNN [40], LSTM [41],
GRU [42], ChemCeption [43], ImageMol [44], Multi-
CycGT [45] and MUCoCP [46].

Results

Setting A: applicability-domain-aware splits

We evaluate two leakage-controlled protocols: (i) label-
stratified splits and (ii) canonical-group—stratified splits
that remove near-duplicates. Tables 1 and 2 report results
for alignment-aware GPs (GAK/MD-GAK/PMD-GAK)

Model ACC F1 ROC-AUC Brier score ECE

GP with GAK kernel 81114 69.9+29 86.1+13 1593 £052 1516+ 1.69
GP with MD-GAK kernel 83.0+ 0.5 73.7+09 878+0.7 1430 £ 0.46 1231 €161
GP with PMD-GAK kernel 826+0.7 732+09 876+05 13.83 £ 0.56 9.94 +1.85
XGBoost 784+12 708+ 1.1 86.3+ 0.6 1490 £ 0.51 8.88 £ 0.66
RF 783+12 70.1+1.2 85.7+08 15.07 £0.57 9.07 + 1.60
ChemBERTa 786+ 0.8 69.0+05 844+09 1603 +0.72 11.38 £0.92
PeptideCLM 759417 672+17 8244+18 167+ 1.0 78+23

Alignment-aware GPs improve threshold metrics and calibration over vector baselines while maintaining strong discrimination
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Table 2 Canonical-group-stratified split (values x 100)

Model ACC F1 ROC-AUC Brier score ECE

GP with GAK kernel 790+ 14 65.3+40 830+ 1.1 2053 +£045 22294133
GP with MD-GAK kernel 80.1+14 678+44 847+10 1589+ 061 1335+ 1.52
GP with PMD-GAK kernel 80.3+1.7 68.2 + 3.8 848+1.4 15.42 + 0.64 11.94+ 193
XGBoost 764 +£29 646 +85 839+17 1573 £1.02 942+ 148
RF 752+29 624+64 81.8+24 16.59 £ 1.32 10.52 £2.82
ChemBERTa 753+19 62.1 +4.1 80.0+09 1843 +0.97 13.78 £0.82
PeptideCLM 738422 638 + 3.1 788+ 14 177 +£07 72+1.2

PMD-GAK provides the best overall balance of discrimination and calibration under the harder split

versus strong vector baselines (XGBoost, RF) and trans-
former language-model baselines (ChemBERTa and
PeptideCLM). Tables 4 and 5 extend the comparison to
fingerprint kernels: a GP with Tanimoto similarity (TAN_
sim) and its convex combination with DGAK. All metrics
are reported as mean + s.e.m. over outer folds; all values
are scaled by 100 for readability.

Label-stratified split (alignment vs. vector baselines).
Under label stratification (Table 1), the GP with MD-GAK
achieves the best threshold metrics—ACC (83.0 = 0.5)
and F1 (73.7 + 0.9)—while PMD-GAK attains the low-
est Brier (13.83 + 0.56) and the best ECE among GPs
(9.94 £ 1.85), indicating stronger calibration. Tree ensem-
bles display competitive calibration (ECE 8.88/9.07) but
lower discrimination (ROC-AUC 86.3/85.7) relative to
alignment GPs.

Canonical-group—stratified split (alignment vs. vec-
tor baselines). When stratifying by canonical groups
(Table 2), the task is harder across the board, consistent
with reduced leakage from near-duplicates. PMD-GAK

attains the best ACC/F1 (80.3/68.2), the lowest Brier
(15.42), and the strongest ROC-AUC among GPs (84.8),
while maintaining competitive ECE. Tree ensembles
retain the best ECE (XGBoost 9.42; RF 10.52) but trail the
best GP in ROC-AUC.

Score distributions. Figure 3 compares model score
histograms on the outer test sets under canonical-group
stratification. Kernel GPs track the empirical PAMPA
distribution more closely (after rescaling), while RF,
XGBoost, and ChemBERTa yield skewed or multi-modal
profiles. The alignment-aware inductive bias thus pro-
vides both improved discrimination and better-behaved
probabilistic outputs under the harder split.

Setting B: length-focused PAMPA subset (random vs.
scaffold)

We further benchmark on a length-focused PAMPA
subset containing 6/7/10-mers under two evaluation
regimes: a random split and a more stringent scaffold

(a) DGAK (b) GAK
Dl e e Eafesne om | |
(e) RF (f) Xgboost

(c) Position DGAK  (d) Tanimoto kernel

| e W

(g) ChemBERTa (h) original PAMPA

values

Fig. 3 Predicted probability distributions (outer test, canonical-group split). The x-axis shows the predicted probabilities, and the y-axis
shows their estimated density of these probabilities on the test set. Kernel-based GP models produce score histograms that closely track
the empirical distribution of PAMPA values in the dataset, whereas RF, XGBoost, and ChemBERTa yield noticeably different score profiles. This
alignment is consistent with their stronger calibration (lower Brier/ECE; Tables 1, 2) and suggests that the monomer-aware kernels capture
permeability-relevant sequence/chemical structure more effectively under canonical splitting
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Table 3 Length-focused PAMPA (6/7/10-mers): ROC-AUC under random vs. scaffold splits (values x 100)
Method Random split: Classification—binary labels Scaffold split:

Classification—
binary labels

Alignment-aware GP and classical ML

GP with MD-GAK 88.8+0.2 798+ 00
RF 65.1 £4.1 553+ 34
SVM 506+18 539+0.1
Graph-based baselines

AttentiveFP (best random) 862+ 1.8 66.1 =54
DMPNN 848 +£3.2 716£79
GAT 839+44 659+ 9.6
GCN 772 +55 66.9 + 104
MPNN (best scaffold) 772455 734487
PAGTN 780+ 6.2 682+ 32
String-based baselines

RNN 552 +80 525+34
LST™M 56.8+15.0 5314100
GRU 731 146 61.7+£138
Image-based baselines

ChemCeption 466 + 5.1 403 +43
ImageMol 804 +19 66.1 3.7

split. Table 3 reports ROC-AUC (mean + s.e.m.; values
% 100).

The GP with MD-GAK attains the strongest discrimina-
tion on both splits, reaching 88.8 + 0.2 (random) and 79.8 +
0.0 (scaffold). Compared to the best reported graph models
under the same protocols, MD-GAK outperforms Atten-
tiveFP on the random split (86.2 + 1.8) and MPNN on the
scaffold split (73.4 + 8.7). Classical vector baselines (RF/
SVM) are substantially weaker on both splits.

Generalization across scaffolds. Moving from random to
scaffold evaluation reduces performance for all methods, as
expected when near-duplicates are removed. The MD-GAK
GP exhibits a 9.0-point drop (88.8 — 79.8), which is mark-
edly smaller than the 20.1-point drop observed for Atten-
tiveFP (86.2 — 66.1), suggesting that the alignment-aware
inductive bias confers improved robustness to scaffold shifts.
MPNN's scaffold performance is relatively stable but remains
below the GP with MD-GAK.

Adding fingerprint kernels: discrimination vs. calibration
We now introduce peptide-level molecular fingerprints
with a Tanimoto kernel GP (TAN_sim) and a convex
mixture with DGAK,(Tables 4 and 5). Under label strati-
fication, TAN_sim delivers the highest ROC-AUC (89.0
+ 0.8), while MD-GAK remains best on ACC/F1 and
PMD-GAK remains best calibrated (Brier/ECE). Under
canonical-group stratification, TAN_sim again yields the
top ROC-AUC (86.7 + 0.5). The convex mixture achieves
the best ACC/F1 (81.1/69.9), suggesting complemen-
tary inductive biases between alignment and substruc-
ture similarity. Overall, fingerprint similarity increases
rank discrimination, whereas alignment-aware kernels
improve probability calibration;

Finally, we assess peptide-level molecular fingerprints
on the length-focused subset via a GP with Tanimoto
similarity (TAN_sim) and a convex combination with
MD-GAK. As shown in Table 6, TAN sim achieves the

Table 4 Label-stratified split with fingerprint kernels (values x 100). Tanimoto improves rank discrimination; MD/PMD-GAK retain

threshold and calibration advantages

Model ACC F1 ROC-AUC Brier score ECE

GP with MD-GAK kernel 83.0+0.5 73.7+09 878+0.7 1430+ 046 1231161
GP with PMD-GAK kernel 826+0.7 732+09 87.6+05 13.83 £ 0.56 9.94 + 1.85
GP with TAN_sim kernel 828+10 73714 89.0+0.8 1440+ 0.32 1442 £040
GP with convex (DGAK + Tanimoto) 828 +0.7 736+1.1 88.7+09 1444 +£0.33 1428 £0.27

Bold values indicate the best performance in each column among the compared models: the highest values for ACC, F1, and ROC-AUC, and the lowest values for Brier

score and ECE
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highest ROC-AUC on both splits (random: 0.897 +
0.002; scaffold: 0.804 + 0.000), narrowly ahead of the
MD-GAK GP. The convex mixture (MD-GAK + Tani-
moto) matches the top ROC-AUC.

The differences among GP kernels in Tables 4 and 5
should be interpreted cautiously. For fixed folds, pre-
processing, and selected hyperparameters, the GP mod-
els are deterministic; the reported variability therefore
reflects variation across data splits rather than stochas-
tic retraining noise. Several differences in ACC, F1, and
ROC-AUC are small relative to this fold-to-fold vari-
ability, indicating that the GP kernels are not always
statistically distinguishable on discrimination metrics
alone. We therefore view MD-GAK and PMD-GAK not
as uniformly dominant over all GP kernel choices, but as
competitive monomer-aware alignment kernels that pro-
vide a peptide-specific inductive bias while maintaining
performance comparable to strong whole-molecule Tani-
moto kernels.
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Circular alignment ablation

To assess the effect of the arbitrary linearization of cyclic
peptides, we implemented a rotation-invariant circular
GAK baseline. Starting from the validated GAK baseline
with monomer-level Tanimoto local similarity, we aver-
aged the kernel over all cyclic rotations of both peptide
monomer sequences:

[x[—1[y|-1

D) Keak(rotr(x), rots(y)).

r=0 s=0

Kegak(x,y) =
] |y

This construction tests all possible choices of the start-
ing residue at the sequence level and preserves positive
semidefiniteness because it is an average of positive-sem-
idefinite kernels evaluated on rotated inputs. This circu-
lar GAK is a sequence-level rotation-invariant kernel and
should be distinguished from a full cactus-graph dynamic
program over peptide topology.

Table 5 Canonical-group-stratified split with fingerprint kernels (values x 100). Tanimoto again maximizes ROC-AUG; the convex

mixture recovers the best ACC/F1 under the harder split

Model ACC F1 ROC-AUC Brier score ECE

GP with MD-GAK kernel 80.1+14 678+44 847+10 15.89 +0.61 1335+ 1.52
GP with PMD-GAK kernel 803+ 1.7 682 +38 848+ 14 15.42 + 0.64 11.94+1.93
GP with TAN_sim kernel 809+15 693 +3.1 86.7 + 0.5 1557 +0.79 13.96 +4.42
GP with convex (DGAK + Tanimoto) 81.1+1.4 69.9 +2.9 86.1+13 1593 +0.52 15.16 £ 1.69

Bold values indicate the best performance in each column among the compared models: the highest values for ACC, F1, and ROC-AUC, and the lowest values for Brier

score and ECE

Table 6 Length-focused PAMPA (6/7/10-mers): ROC-AUC under random vs. scaffold splits using fingerprint kernels (raw values, not

scaled)

Method

Random split: Classification - binary labels

Scaffold split:
Classification -
binary labels

AttentiveFP (best random) 862+ 1.8 66.1 +54

MPNN (best scaffold) 77255 734 £ 87

GP with MD-GAK 88.8 0.2 798 £0.0

GP with TAN_sim 89.7£02 804 £ 0.0

GP with convex (MD-GAK + Tanimoto) 89.7+02 804+ 00

Table 7 Circular GAK ablation. Values are reported as mean + standard error across outer folds and scaled by 100

Kernel Split ACC F1 ROC-AUC Brier ECE

GAK Label-stratified 81114 699+ 29 86.1£13 1593 £052 15.16 £ 1.69
Circular GAK Label-stratified 81.5+£06 69.9 £ 0.8 86.2 £ 0.5 1589 £ 0.11 1513 £ 043
GAK Canonical-group 790+ 14 653 £4.0 83.0£ 1.1 20.53 £ 045 22294133
Circular GAK Canonical-group 793+£03 657 £23 83.1+04 2044 £0.07 22414022




Amirahmadi et al. Journal of Cheminformatics (2026) 18:108

Circular GAK produced only marginal changes rela-
tive to the linearized GAK baseline (Table 7). Under
the label-stratified split, circular GAK changed F1 from
69.9 2.9 to 69.9 £+ 0.8, and ROC-AUC from 86.1 £ 1.3
to 86.2 £ 0.5. Under the canonical-group split, circular
GAK changed F1 from 65.3 & 4.0 to 65.7 £ 2.3, and ROC-
AUC from 83.0 £ 1.1 to 83.1 & 0.4. These results suggest
that, in the present CycPeptMPDB benchmark, the arbi-
trary choice of sequence origin has little practical effect
on the GAK-family kernel performance. Nevertheless,
full cactus-graph alignment remains an interesting future
direction for lariat, branched, or side-chain-cyclized pep-
tides whose topology cannot be represented by a single
cyclic order.

Continuous PAMPA regression

Although the main task is framed as binary permeability
classification for screening, PAMPA permeability values
are continuous. We therefore added a Gaussian-process
regression experiment to evaluate the kernels indepen-
dently of the classification threshold. We used the same
precomputed GAK, MD-GAK, and PMD-GAK Gram
matrices and reused the same outer and inner folds as in
the label-stratified classification experiment in Table 1
for comparability. Models were trained on the con-
tinuous PAMPA values rather than thresholded labels.
Hyperparameters were selected within the inner folds by
minimizing mean squared error, and the held-out outer
folds were evaluated using MSE, MAE, and RMSE. As
shown in Table 8, MD-GAK and PMD-GAK gave lower
regression errors than the standard GAK baseline across
all three metrics, indicating that the monomer-decoupled
kernels capture useful continuous permeability structure
beyond the binary threshold.

Discussion

This work aims to reconcile two desiderata for cyclic
peptides: a better representation that preserves ordered
monomer chemistry and a model that remains data-
efficient with calibrated uncertainties. To this end, we
introduced a monomer—aware global alignment family
for GPs (MD-GAK and the position-aware PMD-GAK)
and evaluated them under applicability-domain—aware

Table 8 Continuous PAMPA regression results under the label-
stratified split. Values are reported as mean + standard error
across outer folds and scaled by 100. Lower values are better for
all metrics

Model MSE | MAE | RMSE |

GP regression with GAK 7244 £420 52794107 8497+ 243
GP regression with MD-GAK ~ 65.16 517  49.09 4 125 8049 & 3.06
GP regression with PMD-GAK 6558 +4.30 4957 +1.00 80.82 & 2.58
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protocols that curb leakage from near-duplicates. On
CycPeptMPDB, alignment-aware GPs consistently
improve discrimination over strong vector and language-
model baselines, while PMD-GAK vyields the best calibra-
tion among GPs (lower Brier/ECE). Under the stricter
canonical-group split, the advantage of alignment is
amplified (Table 2), and on a length-focused PAMPA
subset our GP exceeds, leading graph baselines (Table 5).
These findings are robust across splits and metrics, with
uncertainty estimates that are well-behaved in the harder
setting (Fig. 2).

Although ROC-AUC remains a useful ranking metric,
permeability datasets are label-imbalanced and down-
stream decisions hinge on operating at a single threshold.
In such settings, precision—recall criteria—and in par-
ticular the Fj score (the harmonic mean of precision and
recall)—are more informative than ROC-AUC because
ROC can present an overly optimistic picture under class
skew [47, 48]. For this reason, we focus our head-to-head
comparison on F1 in Tables 1,2, under label stratification,
MD-GAK achieves the best F1 (73.7 + 0.9), and under
canonical stratification, PMD-GAK leads (68.2 *+ 3.8),
while retaining competitive AUCs and improved calibra-
tion (lowest Brier/ECE among GPs). This strengthens the
practical relevance of alignment kernels for actionable
screening, where precision/recall trade-offs matter at
deployment time.

Harder tasks magnify the benefit of alignment. When
we move from label stratification to canonical-group
stratification—explicitly removing near-duplicate pep-
tides—performance drops for all methods, but the
relative improvement of MD-GAK/PMD-GAK over
baselines is stronger. This is consistent with the hypoth-
esis that alignment captures permeability-relevant order
and context beyond bag-of-substructures; once leakage
is reduced, these inductive biases become more valuable
(Table 1).

Calibration matters. Well-calibrated probabilities
enable principled triage in low-data discovery loops. We
observe systematically lower Brier/ECE for PMD-GAK
relative to other GPs, and tree ensembles remain well cal-
ibrated but less discriminative. This mirrors broader evi-
dence that modern ML methods can be poorly calibrated
without post-hoc correction [31]. In screening settings
with limited assays, these calibrated GP posteriors are
advantageous for ranking and for uncertainty-aware
decision making.

Tanimoto at the monomer level connects peptides to the
small-molecules. A key design choice was to score mono-
mer matches with a Tanimoto kernel on Morgan finger-
prints inside the alignment DP. This shows that Tanimoto
is effective at the monomer level for peptides, achieving
strong performance. Importantly, this choice bridges
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peptide modeling with the mature small-molecule
toolkit: decades of kernels, scalable approximations, and
software are immediately compatible. For instance, scal-
able Tanimoto approximations via random features [24]
and comprehensive GP tooling for chemistry (GAUCHE)
[26] can be dropped in without architectural changes.
More broadly, our decoupled setup invites learned mon-
omer encoders from chemical language models (e.g.,
SMILES Transformers, ChemBERTa, MolT5) to provide
richer local descriptors within the same GA framework
[12, 49, 50]. In other words, by proving that "Tanimoto@
monomer" is a strong building block, we open a path to
upgrade the local kernel « with powerful, pre-trained
small-molecule representations as they continue to
improve.

Complementarity of alignment and substructure simi-
larity. Across settings, the Tanimoto fingerprint GP
(TAN_sim) consistently maximizes rank discrimina-
tion (ROC-AUC), whereas alignment variants (MD-/
PMD-GAK) dominate threshold metrics (ACC/F1) and
calibration (Brier/ECE). A simple convex kernel (DGAK
+ Tanimoto) recovers much of both: it matches the
strongest AUCs while achieving the best ACC/F1 under
the canonical split (Tables 4-5). These results support a
clear division of labor: local substructures captured by
fingerprints and ordered monomer context captured by
alignment can encode distinct, complementary signals.
In practice, when both high precision/recall and reliable
probabilities are required, the convex combination pro-
vides a strong, low-complexity default.

Computational cost. A practical consideration for MD-
GAK and PMD-GAK is computational cost. For two
peptides with monomer-sequence lengths L; and L, eval-
uating the kernel requires filling a dynamic-programming
table of size L; x L;, giving a pairwise cost of O(L;L;). For
a training set of N peptides with average length L, con-
structing the full training kernel matrix therefore costs
O(N2L?) and requires O(N 2) memory. Exact GP training
then adds the standard O(N3) cost for Cholesky factori-
zation or inversion of the N x N kernel matrix. For a test
set of M peptides, constructing the test—training kernel
matrix costs O(MN LiestLirain). In the present CycPept-
MPDB setting, peptide lengths are short and the number
of training peptides is on the order of a few thousand,
so exact GP inference remains feasible. For substan-
tially larger datasets, the dominant bottlenecks would be
O(N?) kernel storage and O(N?) exact-GP factorization,
for which sparse or inducing-point GP approximations
and low-rank kernel approximations would be natural
extensions.

Limitations and future work. First, we deliberately
avoided heavy hyperparameter search; the convex
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weight / and the positional bandwidth in PMD-GAK
were set conservatively. A more systematic selection
could further improve threshold metrics per split.
Relatedly, moving from single- to multi-task settings
(e.g., PAMPA and Caco-2) may benefit from shared
alignment but assay-specific calibration layers.

Second, our local chemistry kernel « used a single
family (Tanimoto on Morgan). While effective, bit-vec-
tor fingerprints may underrepresent stereochemistry
and conformational effects [11, 51]. A key advantage
of the monomer-decoupled formulation is that « is
modular: it need not be restricted to Morgan/Tanimoto
similarity. Future work can (i) upgrade « with richer
small-molecule encoders from chemical language mod-
els or molecular foundation models, such as SMILES
Transformer, ChemBERTa, or MolT5, while retain-
ing the same global-alignment scaffold, or (ii) adopt
scalable approximations of Tanimoto via random fea-
tures when data grow [12, 24, 49, 50]. This modularity
is particularly useful for cyclic-peptide permeability
modeling because labeled peptide datasets remain com-
paratively limited, whereas small-molecule resources
are much larger, including PubChem-scale corpora.
Thus, learned monomer-level kernels or embedding
similarities pretrained on large small-molecule datasets
could provide a natural route for transferring informa-
tion from data-rich small-molecule chemistry into pep-
tide-level GP alignment models.

Third, scalability: exact GP inference is O(N3) in the
number of training peptides. Although our datasets are
moderate, larger campaigns will require sparse/induc-
ing-point GPs or Nystrom-style approximations [52].
These are orthogonal to our kernel design and can be
combined with MD-/PMD-GAK and fingerprint ker-
nels without changing the modelling interface.

Fourth, structure granularity. Our approach is
sequence-first: atom-level arrangements within each
monomer and macrocycle are only accessed through
the local kernel x. Graph GP kernels that capture dis-
tributional node/edge structure—for instance, (Was-
serstein) Weisfeiler—-Lehman variants or topological
kernels based on sliced Wasserstein distances—could
complement our alignment bias and enable hybrid
sequence—graph GPs for macrocycles [5, 25]. Exploring
such hybrids, especially for noncanonical residues and
bridged rings, is a promising direction.

Finally, while our results already outperform strong
graph baselines on the length-focused subset, more
systematic ablations on stereochemistry handling and
macrocycle ring closures will clarify where alignment
contributes most.
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Conclusion

We introduced monomer-aware global alignment kernels
for Gaussian processes (MD-GAK and position-aware
PMD-GAK) and showed that they deliver strong dis-
crimination, better calibration, and higher F1—especially
under the harder canonical-group split where alignment
matters more. Complementing alignment with peptide-
level molecular fingerprints, a Tanimoto GP (TAN_
sim) maximized AUC, while a simple convex mixture
with MD-GAK recovered both top AUC and improved
ACC/F1, confirming the complementarity of local sub-
structures and ordered monomer context. On a length-
focused PAMPA subset, our GPs surpassed strong graph
baselines and generalized better across scaffolds. Practi-
cally, demonstrating that Tanimoto works at the mono-
mer level creates a clean interface to the small-molecule
ecosystem (classical kernels, scalable random-feature
approximations, chemical LLMs) without changing the
alignment scaffold, opening an immediate path to richer
local chemistry encoders as data scale grows.

Appendix A Proof

Proof of positive semidefiniteness of the Decoupled GA
kernel

Let s = (s1,...,sp) and t = (¢1,. .., L) be two sequences
of lengths # and m, respectively, where s;,t; € X. Let
k: X x X - R be avalid kernel that compares elements
in the sequences. We define as M € RU*+1Dx0m+1) the fol-
low matrix

MG, j) = k(i t)M@i—1,j — 1) + MG —1,j)) + M(G,j — 1)

with initial conditions M(0,0) =1, M(,0) =0, and
M(0,j) = 0. We want to prove that M(m, n) is valid ker-
nel that compares s and ¢, i.e. K(s,£) = M (m, n).

A step is one of three moves on the integer lattice:
R=(1,0), U =(0,1), and D = (1,1), and a monotone
path 7 from (0, 0) to (i, j) is a finite sequence of steps that
transforms (0, 0) to (i, ). For each m we collect the set of
indices corresponding to diagonal D steps.

D() = { (i1, /1), - - - <ipj1<--

s Grojir)s i1 < - -- <Jjrh

Example. If we consider 7 as follows
7o (0,05 (1L,0) 221> (22 > (3,3),

D(r) ={(2,1),(3,3)}.
We define the weight w of a path

H k(si, tl').

(&)eD(r)

w(r) =
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Note if = has no diagonals, the product is empty and
equals to 1. Finally we define the set of all the possible
monotonic path from (0, 0) to (i, /) as P (i, ).

Lemma 1
Foreachi,j > 0, we want to prove the following

Z w(r)

(i) EP ()

M, j) =

Base case. For i = j = 0, P(i,j) = 9., so w()) = 1 by defi-
nition and follows that M(0,0) = 1, which confirms the
inital condition on M(0, 0).

Indution step. We assume the equality holds for #/, ;' such
thati’ +j < i + j. Let us know partition P (i, j) as follows

+ Paths whose last step is R (right) are bijection with
P — 1,j). It is sufficient to add a R step to P(i — 1,j)
to get P(i,j). Note that the bijections holds because
w(rr) depends only on coordinates on D (). The right
move R cannot be in D(7).

+ Paths whose last step is U (up) are bijection with
PG, j—1).

« Paths whose last step is D (diagonal) are 7 = 7" o D.

Putting all together we have

2w ©)

TeP (i)
- Y wms Y
7' €P(i-1j) ' eP(ij—1)
. ) (7)
+wd@ph D, w)
n'eP(i—1,j-1)
= > wh+ Y ow@)tkoy Y w@).
7' €P(i-Ly) 7' €P(ij—1) 7' €P(i—1j-1)
(8)
By induction hypothesis since i—14j<i+j,

i+j—1<i+j,andi—1+4j—1 < i+ j, wehave that

S wim) =M — 1)) +MGi,j — 1) + k(si, )M — 1,j — 1).
weP (i)

Note that the paths that start with a right or up move lead
to prefixes visiting (i, 0) or (0, ) with positive index; those
prefixes have been given M(i,0) = 0 and M(0,/) = 0 The
induction sums include these cases but the recurrence’s
base values ensure they contribute 0, which is consistent
with the combinatorial splitting above.
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Observation 1

Since k is valid kernel on sequence elements, it must exist
a feature map ¢ that maps X into a feature vector in R,
ie.

k(sistj) = (@ (), ()

Let us take now a diagonal path m € D(w), where

7 ={(i1,/1),-- ., (ir,jr)}., we define the feature map on
&, for sand ¢ as
Dy (s) = ¢ (si)) @ P(siy) ® -+ - ® P(si,) 9)

O (1) = § (b)) ® Plsiy) ® - ® B (s;,). (10)

The scalar product between @ (s) and ® (¢) is (by using
the properties on Kronecker product ®)

(@ (s), D (1)) = | [ Ksiy 5,) = w(w)
k=1

Final proof
Let us now construct the feature vector ¥ considering all
the paths in P (m, n) as

W(s) = @ D (s).

weP(m,n)

Similarly, we can construct W (¢) and their scalar product
is

Page 150f 17

Step 1: the soft local kernel g is PSD
Let ko : X x X — [0, 1] be a PSD kernel (e.g. Tanimoto),
and define ¢(x,y) = 1 — ko (x, y). For 8 > 0 define

kp(x,y) = exp(—Bo(xy) = exp(— B[l — ko p)]).

Fix a finite set of monomers {x1,...,xx} C X and let

N

Ky = [Ko(xp,xq)]p,qzl.

By assumption Ky > 0 and all entries of Kj lie in [0, 1].
The Gram matrix of kg on this set is
[Kplpg = kp(xpxg) = exp (= BIL — ko(xp, %))
=e# exp (/3 Ko(xp,xq)).

Using the power-series expansion of the exponential,

o0 m

exp(Bz) = Z % z",

m=0

z €[0,1],

we obtain the elementwise expansion

o0 ﬂm
I(ﬂ = e_ﬂ Z %I(Omj

m=0

where K" denotes the m-th Hadamard (entrywise)
power: (K{")pq = (Ko)pg-

Because Ky > 0 and has nonnegative entries, the Schur
product theorem implies that each Hadamard power K"
is PSD. All coefficients e~# 8 /m! are nonnegative, hence
Kpg is a nonnegative linear combination of PSD matrices

(U6 V) =( P @), P )= D (Pr(s), Pr (1)) =

T eP(m,n) T eP(m,n)

weP(m,n)

Z w(mw) = M(m, n),

P (m,n)

which concludes the proof. Since we express M(m, n) as
the scalar product of two feature vectors, this is always a
valid kernel.

Proof of positive semidefiniteness of the position-aware
decoupled GA kernel

We reuse the notation of Theorem 1. Recall that
K(A, B) in Theorem 1 is PSD for any PSD local kernel
k: X x X - Rsg. To prove Theorem 2, it therefore is
enough to show that the position-aware local kernel

k1)) = wr,)) kp(P(s), (1))

is PSD on the extended alphabet of position—-monomer
pairs. We proceed in three steps.

and is therefore PSD. As this holds for every finite subset,
kg is a positive semidefinite kernel on &

Step 2: the triangular position kernel wr is PSD
Fix T € N. We follow Cuturi [4] and use the triangular
Toeplitz position kernel on indices i, € Z,

or(i,j) = max {0, 1— u}

- wr(i,j) =0ifli —j| > T.

This is the restriction to Z of the classical triangular
kernel on R, which is known to be positive definite (see
Gneiting [53]). Cuturi [4, Sec. 4.3] uses the same kernel in
the construction of Triangular Global Alignment (TGA)
kernels. It follows that w7 is a positive semidefinite kernel
on positions i,j € N.
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Step 3: the position-aware local kernel «7is PSD
Consider the product space of positions and monomers

X=7xX,
and define
kioc (i, 9), (i, 1)) := w1 (i, j) kp(s, £).

Let {(il,,,sp)}g:1 CX be arbitrary, and denote
Apg = ot (ip,iy) and By = kg (sp,s4). By Steps 1-2, A
and B are PSD Gram matrices. The Gram matrix of ko
on these points is

Gpg = kloc((iprsp)’ (iq’sq)) = ApgBpq = (A 0 B)pg,

the Hadamard product of A and B. By the Schur product
theorem, the Hadamard product of two PSD matrices is
PSD, hence G > 0. Therefore kj,. is a PSD kernel on X.

Step 4: applying the MD-GAK result
Given a monomer sequence A = (s1,...,S,), We associ-
ate to it the sequence of position—-monomer pairs

A= (@,80),..., (msn) € X%,

and similarly for B = (¢1, ..., tm).

The dynamic program in (4) coincides with the MD-
GAK recursion of Theorem 1 applied to the sequences
A, B over the alphabet X, with local kernel kioe. Since ke
is PSD, Theorem 1 implies that the resulting sequence
kernel

Kr(A,B) = Mn,m

is positive semidefinite on the space of finite monomer
sequences. This completes the proof of Theorem 2.
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